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ABSTRACT 

This study examined how three different manipulations of a single policing stance affected 

the quality scores and matching performance in a biometric facial recognition system; it was 

conducted in three phases.  In the first phase, the researcher collected qualitative survey data from 

active, sworn law enforcement officers in 15 states.  In the second phase, the researcher collected 

quantitative data using a single facial recognition subject and a static body-worn camera mounted 

to an adjustable tripod.  In the third phase, the researcher collected quantitative data from body-

worn camera-equipped law enforcement officers who filmed a stationary target as they executed a 

series of specified movements from the interview stance.  The second phase tested two different 

body-worn cameras:  one that is popular among law enforcement agencies in the United States, 

the Axon Body 2; and one that is inexpensive and available to the general public via a popular 

internet commerce website.  The third phase tested only the Axon Body 2.  Results of the study 

showed that matching results are poor in a biometric system where the test body-worn camera was 

the sensor, with error rates as high as 100% when the body-worn camera wearer was in motion.  

The general conclusion of this study is that a body-worn camera is not a suitable sensor for a 

biometric facial recognition system at this time, though advances in camera technology and 

biometric systems may close the gap in the future. 

 



 

13 

CHAPTER 1. INTRODUCTION 

1.1 Introduction 

Body-worn cameras (BWCs) are an increasingly popular tool in law enforcement for the 

protection of officers and citizens alike.  Approximately the size of a standard deck of cards, and 

typically mounted on the front side of a wearer’s upper body, BWCs have video and audio 

recording capability.  Police departments primarily in the United States for officer accountability 

(Cost and benefits of body-worn camera deployments, 2018).  Since their adoption in the United 

States, BWCs have captured video and audio of several controversial encounters between police 

officers and citizens, often calling into question police officers’ use of force after the BWC footage, 

personal videos, or both of the incidents reached the public.  Notable cases of questionable use of 

force by police include the shooting deaths of Samuel DuBose in Cincinnati, Ohio, in July 2016; 

Sylville Smith in Milwaukee, Wisconsin in August 2016; and Justine Ruszczyk in Minneapolis, 

Minnesota, in July 2017 (Levenson, 2017; Martinez, 2015; Simon & Marco, 2017).   

As BWC use continues to increase among law enforcement agencies in the United States, 

companies such as Axon (a leading manufacturer of BWCs) and Amazon have explored adding 

facial recognition capability to the devices (Dwoskin, 2018; Koebler, 2018; Wingfield, 2018; 

Womack, Reitz, Shekarri, Wagner, & Hanchett, 2018).  Ideally, the addition of facial recognition 

capability to BWCs would enhance officer safety through the proactive identification of potentially 

threatening citizens.  In addition to the potential for threat identification, facial recognition in 

BWCs has the potential to identify persons who cannot or will not identify themselves.  A 2018 

example of this use case was seen in Maryland, where the suspect in the shooting deaths of five 

journalists at a local newspaper refused to identify himself, but police subsequently identified him 

with facial recognition technology (Hawkins, 2018). 

1.2 Statement of the Problem 

1.2.1 Problem 

Facial recognition is a desired feature in BWCs, but the body position of BWC wearers, 

their targets, or both can fail to capture the facial features required for facial recognition (Al-

Obaydy & Sellahewa, 2011; Brown & Fan, 2016).  Several studies have shown that facial 
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recognition algorithms in both controlled and uncontrolled conditions perform inconsistently at 

best, and poorly at worst, yet the use of facial recognition for both commercial and non-commercial 

purposes continues to expand (Brown & Fan, 2016; Dwoskin, 2018; Grother, Quinn, Ngan, & 

Ross, 2017; Vincent, 2018).  For successful integration of facial recognition technology into police 

BWCs, it must be robust to variations in an officer’s body position.  Due to natural movements 

within the interview stance that vary according to the characteristics of an officer-citizen 

interaction, the problem addressed by this project is:  does movement within a police officer’s 

interview stance affect the suitability for facial recognition of images captured by the officer’s 

BWC?   

1.2.2 Purpose 

The purpose of this project is to identify the effects of a police officer’s body position on 

facial recognition suitability of images captured from officers’ BWCs.  More specifically, this 

research will examine how three different manipulations of a single policing stance will affect the 

quality and comparison scores for known targets using the Neurotechnology VeriLook software 

suite on BWC footage captured under controlled conditions.  The research questions are:   

1. Does a BWC wearer’s trunk movement in the transverse plane (clockwise and counter-

clockwise rotation from the hips) affect the target’s quality and comparison scores?    

2. Does a BWC wearer’s trunk movement in the sagittal plane (flexion and extension from 

the hips) affect the target’s quality and comparison scores? 

3. Does a BWC wearer’s trunk movement in the coronal plane (flexion and extension of 

the knees) affect the target’s quality and comparison scores? 

1.2.3 Significance of the Problem and Purpose 

The significance of this research is its application to both academic and real-world 

problems.   

First, there is a gap in the body of knowledge regarding the effects of police officers’ body 

positioning on the ability to perform successful facial recognition from BWC video footage.  

Recent, relevant research has examined video resolution (Al-Obaydy & Sellahewa, 2011), video 

processing (Bouma et al., 2015), facial detection algorithm comparison (Brown & Fan, 2016), 

distance between BWC wearer and target (Al-Obaydy & Sellahewa, 2011), and BWC mounting 
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position (Suss, Raushel, Armijo, & White, 2018).   The body position of BWC wearers while they 

are moving within a single policing stance, however, has not been examined.  Furthermore, few 

studies examining BWC mounting position have done so with a focus on examining facial 

recognition or facial recognition performance (Al-Obaydy & Sellahewa, 2011; Brown & Fan, 2016; 

Suss et al., 2018; Wolf, Abdelrahman, Schmid, Dingler, & Schmidt, 2015; Wolf, Schmidt, Bexheti, 

& Langheinrich, 2014).  Finally, there is little academic literature regarding policing stances, and 

both the academic and non-academic literature on this topic is primarily concerned with the tactical 

advantages and disadvantages of how a police officer positions his body when interacting with 

members of the public during low-threat and high-threat scenarios.     

Second, facial recognition does not perform well in unconstrained conditions, where a 

subject’s pose and the environment are uncontrolled and are therefore subject to significant 

variation (ISO/IEC 30137-2 (Draft), 2018).  To obtain the highest level of accuracy with a facial 

recognition system, targets should face the sensor (camera) in either a full-frontal or near-frontal 

orientation (ISO/IEC 30137-1 (Draft), 2017).  Lighting should be consistent and placed such that 

shadows are not cast upon the face and that the skin is not overexposed (ISO/IEC 30137-1 (Draft), 

2017).  Additionally, targets should maintain a relaxed, neutral expression and a closed mouth so 

as not to distort facial features (Dunstone & Yager, 2009).  Solving these challenges in controlled 

conditions, such as a driver’s license bureau or passport office, is relatively easy.  A police officer’s 

operating environment, however, is dynamic and unpredictable.  Patrol officers move in and out 

of vehicles and buildings, respond to scenes where persons involved may be emotional, and they 

position their bodies at an angle to the members of the public with which they interact.  While 

most elements of a police officer’s environment cannot be constrained, an officer’s body 

position—and thus one aspect of the accuracy of facial recognition from BWC video—can be 

controlled to a certain extent, particularly within a research setting.   

Finally, the rapid expansion of commercial facial recognition software has provoked a 

public outcry over concerns that law enforcement agencies are deploying inaccurate facial 

recognition systems despite the potential for harm based on misidentification of targets or 

identification of persons who wish to remain anonymous when in a public space (Angwin, Larson, 

Mattu, & Kirchner, 2016; Buolamwini & Gebru, 2018; Dwoskin, 2018; Koebler, 2018; Oremus, 

2018; Vincent, 2018; Wingfield, 2018).  More specifically, there is growing and legitimate concern 

that the use of poorly-performing facial recognition technology in policing could misidentify 
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targets, violate civil rights, or be used as a form of harassment (Dwoskin, 2018).  For example, a 

2018 news report cited error rates as high as 98% in the facial recognition technology used by the 

police force in London, England, yet the Commissioner of the Metropolitan Police stated she was 

“completely comfortable” with its continued use (Vincent, 2018).  In the United States, the 

technology corporation Amazon developed a facial recognition capability called Rekognition and 

marketed it to law enforcement agencies across the country (Dwoskin, 2018; Koebler, 2018; 

Wingfield, 2018), while Axon—a leading manufacturer of BWCs—included mention of facial 

recognition as an analytical tool in its patent application for an “evidence ecosystem” (Womack et 

al., 2018).  Axon has since stated that they are “not actively developing technology that can 

determine a person’s race, gender and age…[n]or are we developing technology that would match 

faces captured in police body camera images to police databases,” according to Burt (2019).  In 

the First Report of the Axon AI [artificial intelligence] and Policing Technology Ethics Board 

(2019), the company further clarified its stance, stating: 

Face recognition technology is not currently reliable enough to ethically justify its 

use on body-worn cameras.  At the least, face recognition technology should not 

be deployed until the technology performs with far greater accuracy and performs 

equally well across races, ethnicities, genders, and other identity groups.  Whether 

face recognition in body-worn cameras can ever be ethically justifiable is an issue 

the Board has begun to discuss…and will take up again if and when these 

prerequisites are met. (Axon, 2019, p. 6) 

In contrast to the evolution of Axon’s position on the incorporation of a facial recognition 

feature into its BWCs, a small number of police departments in the United States have publicly 

acknowledged testing Rekognition-enabled BWCs (BWC models not publicly known), which has 

only added to citizens’ concerns regarding the transparency of efforts to deploy facial recognition-

enabled BWCs (ACLU, 2018).   

Studying the effects of BWC wearer body position on facial recognition image quality and 

comparison scores is directly applicable to the concerns mentioned above in that the data collected 

and conclusions drawn from this research may aid in improving facial recognition technology from 

non-traditional sensors, such as for eventual use in law enforcement.  Additionally, experimental 

data will contribute to the small body of academic literature available regarding the interview 

stance and may also aid in optimizing this stance for capturing BWC video suitable for use in a 

facial recognition system.  
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1.3 Definition of Terms 

Acceptability:  The criterion that a biometric system should be sensitive to the privacy and cultural 

concerns of the users (Modi, 2011, p. 3). 

Acquisition:  The process of capturing the raw biometric sample from a user (Modi, 2011, p. 251). 

Algorithm:  A mathematical set of rules that, if followed, will give a prescribed result (NIST, n.d.). 

Articulation:  The generic name for a joint and the motion of one segment relative to its connected 

adjacent segment (Chapman, 2008). 

Attempt:  Activity with the intent of producing a captured biometric sample, such as the interface 

between the presentation by a biometric capture subject and the action of the biometric capture 

subsystem (ISO/IEC 2382-37, 2017). 

Biometrics:  Automated recognition of individuals based on their biological and behavioral 

characteristics (ISO/IEC 2382-37, 2017). 

(Biometric) Capture:  The process of collecting a biometric sample from an individual via a sensor; 

to obtain and record, in a retrievable form, signals of biometric characteristics directly from 

individuals; biometric capture subjects may be cooperative, uncooperative, or indifferent to the 

biometric capture process (ISO/IEC 2382-37, 2017). 

Biometric Sample:  An analog or digital representation of a biometric characteristic before 

biometric feature extraction (ISO/IEC 2382-37, 2017). 

Body-Worn Camera (BWC): A small camera, generally no larger than a standard deck of playing 

cards, that can record audio and video and is equipped with a battery and on-board data 

storage.  The devices are typically carried on the user's upper body (head, shoulder, chest, torso) 

by a location-specific mounting (e.g., attached to one arm of a pair of sunglasses; clipped to an 

epaulet; attached to the button of a breast pocket) (Coudert, Butin, & Le Métayer, 2015; Hung, 

Babin, & Coberly, 2016). 

Candidate List:  The result of an identification operation that returns a list of the closest matching 

candidates to the input sample (Modi, 2011, p. 251). 

Collectability:  The criterion that a biometric system should be capable of capturing a biometric 

sample in real-time without any intrusions on privacy (Modi, 2011, p. 3). 

Comparison Score:  A numerical value (or set of values) resulting from a comparison between 

biometric probe(s) and one or more stored biometric samples, biometric templates, or 

biometric models attributed to a biometric data subject; formerly known as “match/matching 

score” (ISO/IEC 2382-37, 2017). 

Enrollment:  Creation and storage of a biometric data record for future biometric data comparison 

(ISO/IEC 2382-37, 2017). 
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Equal Error Rate (EER):  The point at which the Failure to Acquire rate and the False Rejection 

Rate is equal, a statistic often used in assessing biometric system performance (Modi, 2011, p. 

252). 

Estimated Marginal Means:  Refers to the mean response for each factor in  the General Linear 

Model, adjusted to account for covariates (Grace-Martin, 2020). 

Face Detection:  Determining the presence of faces within a video frame and producing the 

location of each face in the frame (ISO/IEC 30137-1 (Draft), 2017).  NOTE: Face detection is 

the first step in the face recognition process. 

Face/Facial Recognition:  A biometric modality that uses the structure and spatial geometry of 

facial features and landmarks such as the nose, eyes, lips, and jawline for comparison (Modi, 

2011, p. 5). 

Face Recognition Technology (FERET) Evaluation Program:  A United States Government-

sponsored program that made significant contributions to the development and implementation 

of facial recognition technology and systems; ran from 1993-1998 (NIST, 2017a). 

Failure to Acquire (FTA) Rate:  The probability of user attempts during identification or 

verification for which the system cannot acquire an appropriate sample (Modi, 2011, p. 252). 

FTA =  
1

N
∑ FTA(n)

N

𝑛=1

 

Failure to Enroll (FTE) Rate:  The proportion of user enrollment transactions that cannot be 

completed according to the enrollment policy (Modi, 2011, p. 252). 

FTE =  
1

N
∑ FTE(n)

N

𝑛=1

 

False Acceptance Rate (FAR):  The proportion of verification transactions from imposters that will 

be incorrectly accepted (Modi, 2011, p. 252). 

FAR = FMR * (1 −  FTA) 

False Match Rate (FMR): The proportion of samples from imposter attempts that are successfully 

matched against the enrolled templates of genuine users (Modi, 2011, p. 252). 

FMR = 
number of impostor attempts

total number of impostor comparisons
 

False Nonmatch Rate (FNMR):  The proportion of samples from genuine attempts that cannot be 

matched against the enrolled templates of genuine users (Modi, 2011, p. 252). 

FNMR = 
number of rejected genuine comparisons

total number of genuine comparisons
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False Rejection Rate (FRR):  The proportion of verification transactions from genuine users that 

will be incorrectly rejected (Modi, 2011, p. 252). 

FRR = FTA + FNMR * (1 −  FTA) 

False Positive Identification Rate (FPIR):  The proportion of identification transactions performed 

by non-enrolled users that returns a candidate list of which they are a member (Modi, 2011, p. 

252). 

FPIR = (1 − FTA)  * [1 − (1 − FMR)n] 

False Negative Identification Rate (FNIR):  The proportion of identification transactions 

performed by enrolled users that return a candidate list of which they are not a member (Modi, 

2011, p. 252).  Also known as true positive identification rate (TPIR) (DeCann & Ross, 2013). 

FNIR = FTA + (1 − FTA) * FNMR 

Feature Extraction:  The process applied to a biometric sample with the intent of isolating and 

outputting repeatable and distinctive numbers or labels which can be compared to those 

extracted from other biometric samples (ISO/IEC 2382-37, 2017).  Feature extraction takes 

place any time a template is created, and the process includes filtering and optimizing data and 

images in order to accurately locate features (Nanavati, Thieme, & Nanavati, 2002). 

Frame Rate:  The frequency (rate) at which an imaging device produces unique consecutive images 

called frames, normally expressed in frames per second (fps) (ISO/IEC 30137-1 (Draft), 2017). 

Gallery:  The list of templates that are used for comparison against an input sample in identification 

(Modi, 2011, p. 253). 

Genuine Claim of Identity:  A user truthfully claims (either explicitly or implicitly) to be enrolled 

in or known to the system, leading to a comparison of a sample with a truly matching template 

(Mansfield & Wayman, 2002, p. 4).  The comparison score resulting from a genuine claim of 

identity is known as a genuine score. 

Ground Truth:  Correct measurement values, indices or classes with which results reported by 

automated measurement or decision process are compared (ISO/IEC 30137-2 (Draft), 2018). 

Heteroscedasticity:  In regression analysis, the variability of one variable is unequal across the 

range of another predictor variable (Chegg Inc., 2020). 

Identification: The process of searching against a biometric enrolment database to find and return 

the biometric reference identifier(s) attributable to a single individual (ISO/IEC 2382-37, 

2017).  Identification is “closed-set” if a biometric sample belongs to an individual that is a 

member of the system and is already known to the system (Modi, 2011, p. 251).  In “open-set” 

identification, sometimes referred to as a “watchlist,” a biometric sample belongs to an 

individual who is a member of the system but does not have to be enrolled in the system (Modi, 

2011, p. 254). 
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Impostor Claim of Identity:  A user falsely claims (either explicitly or implicitly) to be to be 

someone else, leading to the comparison of a biometric input sample with a non-matching 

stored template (Mansfield & Wayman, 2002, p. 4).  The comparison score resulting from a 

impostor claim of identity is known as an impostor score. 

Interview Stance:  A neutral yet protective position that permits an officer to maintain awareness 

of his surroundings and have the flexibility to shift rapidly from a low-threat scenario to a 

high(er)-threat scenario while interacting with a member of the public (Silver Sentinel, 2013). 

Kinematics:  The study and description of motion without regard to its causes (Chapman, 2008). 

Match Score:  See entry for comparison score on page 26. 

Modality:  The combination of a biometric characteristic type, a sensor type and a processing 

method (e.g., face recognition, fingerprint recognition, iris recognition, etc.) (ISO/IEC 2382-

37, 2017). 

Offline:  In testing a biometric system, enrollment or generation of comparison scores based on 

images or signals collected at an earlier point in time rather than at the time the image or signal 

is submitted.  Offline score generation allows greater control over which attempts and template 

images are to be used in any transaction (Mansfield & Wayman, 2002). 

Performance:  Measurement of one or more characteristics (e.g., accuracy) of a biometric system 

using metrics such as FTA, FTE, and FRR (ISO/IEC 30137-1 (Draft), 2017).  The criterion 

that a biometric system should work accurately and consistently in real-time (Modi, 2011, p. 

3).   

Permanence:  The criterion that a given human characteristic should stay relatively stable 

throughout the period of use of the particular characteristic in order to be a suitable biometric 

(Modi, 2011, p. 3). 

Probe:  A biometric sample input as the subject of comparison to a stored biometric reference 

(ISO/IEC 2382-37, 2017). 

Quality Score:  A quantitative value of the fitness of a biometric sample to accomplish or fulfil a 

comparison decision (ISO/IEC 2382-37, 2017). 

Scalability:  The criterion that a biometric system should be capable of handling an increasing 

amount of data without any significant impact on performance, throughput, and usability 

(Modi, 2011, p. 3). 

Scenario Evaluation:  Testing carried out on a complete system in an environment that models a 

real-world target application of interest in order to determine overall system performance in a 

prototype or simulated application.  Comparisons may be conducted offline, online, or both, 

and test results will be repeatable only to the extent that the modeled scenario can be carefully 

controlled (Mansfield & Wayman, 2002, p. 3). 
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Segmentation:  The process of separating the region of interest from the entire sample 

representation (Modi, 2011, p. 255). 

Similarity Score:   A numerical value (or set of values) resulting from a biometric comparison that 

increases with similarity (ISO/IEC 2382-37, 2017).  There is no standard scale for scoring; 

values may vary by vendor and technology (Nanavati et al., 2002). 

Target:  In Phase 2 and Phase 3 of this study, the participant whose face image is captured with a 

BWC is often referred to as the facial recognition target, or simply target.  The purpose of this 

designation in Phase 3 is to distinguish the paired participants from one another.  This term is 

also used elsewhere in the document for simplicity. 

Template:  A digital representation of a set of stored biometric features comparable directly to 

probe biometric features; represents unique feature information extracted from a biometric 

sample that is stored for future recognition operations (ISO/IEC 2382-37, 2017; Modi, 2011).  

Templates are proprietary to each vendor and technology (Nanavati et al., 2002).  Biometric 

data (e.g., a whole fingerprint or facial image) cannot be reconstructed from a template 

(Nanavati et al., 2002). 

Throughput:  The criterion that a biometric system should provide a result in real time that does 

not inconvenience the user or impact the organization’s processes (Modi, 2011, p. 3). 

Transaction:  The completion of one or more attempts for the purpose of enrollment, verification, 

or identification (Modi, 2011, p. 256). 

Uniqueness:  The criterion that a human characteristic should be relatively unique and 

differentiated among every individual of the normal population in order to be a suitable 

biometric (Modi, 2011, p. 3). 

Universality: The criterion that a human characteristic should be present in the entire normal 

population in order to be a suitable biometric (Modi, 2011, p. 2). 

Usability:  The criterion that a biometric system should be intuitive to use and provide a 

satisfactory experience to the user (Modi, 2011, p. 3). 

Verification:   The process of confirming a subject’s identity by comparing imagery of a biometric 

mode against a particular prior sample of a candidate individual (ISO/IEC 30137-2 (Draft), 

2018).  Confirmation of a biometric claim through biometric comparison (ISO/IEC 2382-37, 

2017). 

1.4 Assumptions, Delimitations, and Limitations 

1.4.1 Assumptions 

1. The BWCs used in Phases 2 and 3 are representative of BWCs currently in use in law 

enforcement departments throughout the United States. 
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2. That variations in participants’ height, weight, age, race, and gender in Phases 2 and 3 

will not have any statistically significant effects on the research questions. 

1.4.2 Delimitations 

1. The BWC used for Phase 3 of this study was limited to Axon’s Body 2. 

2. The facial recognition software used in this study was Neurotechnology’s VeriLook 

10.0 SDK.  Neurotechnology’s MegaMatcher 10.0 SDK was used for matching. 

3. Only BWC laws and policies in the United States and the state of Indiana informed 

study parameters. 

4. Only the interview stance was studied in Phase 3. 

5. The examination of subject facial expression was beyond the scope of this study. 

6. Algorithm comparison testing was beyond the scope of this study. 

7. Real-time or near-real-time facial recognition was beyond the scope of this study.  

1.4.3 Limitations 

1. Survey participants did not a reflect a representative sample of law enforcement 

officers in the United States. 

2. In-person portions of the study were conducted in a laboratory setting, where lighting, 

target, the distance between participants, and recording devices were constrained.  

These testing conditions may limit the generalizability of the results since law 

enforcement officers typically employ BWCs in unconstrained environments. 

3. Locally-focused recruitment for Phase 3 was unlikely to result in a nationally 

representative sample of BWC experience, BWC mounting positions, and officer 

demographics. 

4. Based on how it was developed and tested, the facial recognition software used to 

evaluate subject images may have inherent biases for which the researcher cannot 

control.  

5. The inter-participant distance established before manipulating an officer’s interview 

stance is based on the standard the Lafayette (Indiana) Police Department (LPD) 

Defensive Tactics Team teaches LPD officers.  This distance was established because 

the generalized definition of the interview stance allows for variations in officer body 

positioning that could introduce error into data collection.   
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CHAPTER 2. REVIEW OF LITERATURE 

2.1 Introduction 

The literature review comprises four sections.  The first section outlines the historical 

foundations of using biometrics to identify criminals, focusing on the origins of policing, the work 

of Alphonse Bertillon, and the development of automated facial recognition technology.  The 

second section discusses facial recognition as a biometric, beginning with what a biometric is and 

then covering facial recognition performance, sources of error, and select issues in biometric 

systems.  The third section provides an overview of human motion, including key terms and 

concepts in human anatomy, movement terminology, kinematics and kinetics, and analysis of 

human movement.  Finally, the fourth section addresses the prevalence of BWCs in policing, 

current law, and policy about BWCs, and the intersection of automated facial recognition and 

BWCs. 

2.2 Historical Foundations of Policing, Criminal Identification, and Facial Recognition 

2.2.1 The History of Policing 

For as long as crime has occurred, societies have devised methods of identifying, 

apprehending, and punishing criminals.  The ancient Sumerians developed the first known legal 

system, which included laws, courts, jails, and government records, in the fourth or third 

millennium B.C.E. (“Sumerian civilization,” 2015).  Following the creation of the Sumerian legal 

system, law enforcement groups developed over time, with militaries generally assuming 

responsibility for maintaining law and order until the decline of the Roman empire in the first 

century B.C.E.  (“Law enforcement,” 2008).  Under the emperor Augustus, the city of Rome saw 

the creation of an organization viewed as a precursor to the modern concept of a police force—

seven squads of 1,000 men apiece that protected the 14 wards Augustus established during his 

reign (“Law enforcement,” 2008).  French legal scholars and practitioners developed the 

contemporary western notion of a government-run police force in the 17th and early 18th centuries, 

upon which the government of King Louis XIV based its creation of the lieutenant général de 

police ("lieutenant-general of police") of Paris on March 5, 1667  (“Law enforcement,” 2008).  The 

development of police forces in other European nations was rather slow as compared to the 
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establishment of such forces in France, but reactive and inefficient systems were beginning to take 

their toll on the populace, and change was needed (Brodeur, Walsh, Kelling, Banton, & Whetstone, 

2018; “Law enforcement,” 2008).  In 1750, Henry and John Fielding created a salaried 

constabulary called the Bow Street Runners in London, England (Brodeur et al., 2018).  Despite 

little support for a professional police force at the time, Parliament later created several additional 

offices based on the Bow Street model.  A standing police force—modeled on the French system—

was established in Dublin, Ireland, in the 1780s in an effort to quell challenges to English rule 

(Brodeur et al., 2018).  Nearly 50 years after the Fielding brothers created the Bow Street Runners, 

the Thames River Police was established as the first professional police force in England in 1798 

(Brodeur et al., 2018). 

Policing in the United States is based heavily on the English system, from its origins to 

present-day (Archbold, 2012).  In 17th and early 18th century Colonial America, policing 

consisted of semi-organized watch groups of mostly male citizens who volunteered to patrol their 

communities and perform mostly social services such as lighting street lamps, feeding the poor, 

and corralling lost children and animals (Archbold, 2012).  Due, in part, to the ineffectiveness of 

volunteer watch groups, a system comprising sheriffs, constables, and community citizens 

developed in the mid- to the late 1700s to control crime (Archbold, 2012).  This focus on 

responsibility for enforcing laws, combined with increasing civil unrest within the early years of 

the U.S’s existence in the late 1700s and early 1800s, gave rise to publicly funded police 

departments that drew inspiration from the policing organization and principles of England’s Sir 

Robert Peel (Archbold, 2012).  Since the formal establishment of police departments in the United 

States in the 1800s, the profession has experienced three distinct eras:  political, reform, and 

community problem-solving (Archbold, 2012; Kelling & Moore, 1988).   
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Figure 1:  New York Metropolitan Police, 1871 (Hatch & Co., 1871) 

The political era, which lasted throughout the 19th century, was marked by “the direct and 

powerful influence of politics” (Archbold, 2012, p. 6).  In this era, politicians conferred 

authorization and funding for local police forces following their political aims, and police 

officers—appointed to their positions by elected officials—reciprocated by helping to rig elections 

in favor of the candidates chosen by a given political machine (Archbold, 2012; Kelling & Moore, 

1988).  Standards for hiring and training officers during the political era were virtually nonexistent, 

and the predominant technology of the policing profession by the mid- to the late 1800s was the 

call box – a pole-mounted box containing a telephone line that linked directly to police 

headquarters (Archbold, 2012; Kelling & Moore, 1988).   

By the late 1800s, rising complaints concerning police violence, misconduct, and 

corruption spurred the formation of multiple groups with the mission to examine police conduct 

and citizen grievances (Archbold, 2012).  One of these groups, the Lexow Commission, found 

sufficient evidence to support a range of complaints levied against police, which resulted in 

disciplinary action against several officers, including termination and criminal charges (Archbold, 

2012).  The power of political influence in this era, however, remained strong; politicians 

overturned convictions, and offending officers were rehired (Archbold, 2012). 

Around the turn of the 20th century, both the public and progressive members of the police 

profession sought to end the influence of politics in policing, thus ushering in the reform era 

(Archbold, 2012; Kelling & Moore, 1988).  This period, which lasted through the 1970s, was 

marked by the establishment of recruiting and hiring standards for law enforcement personnel, 

implementing quality and training standards intended to aid in the professionalization of police 

forces, and the adoption of new technologies such as patrol cars, two-way radios, fingerprinting 
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systems, lie detectors, scientific crime labs, the establishment of the 911 system, and computer-

aided dispatch (Archbold, 2012; Kelling & Moore, 1988).  Other hallmarks of this era were an 

emphasis on a dispassionate and fact-based attitude toward investigations, and the emergence of 

various crime-prevention techniques that focused more on severe crimes than on issues affecting 

citizens’ quality of life (Archbold, 2012; Kelling & Moore, 1988).  Similar to the waning years of 

the political era, the reform era saw an increase in social unrest for which the law enforcement 

approach of the time was no longer practical, and a new strategy emerged (Archbold, 2012; Kelling 

& Moore, 1988). 

In the late 1970s to the early 1980s, the reform era began to give way to what is known as 

the community problem-solving era (Kelling & Moore, 1988).  In this era, information emerged 

as a critical component to crime prevention and crime-solving, and police forces began improving 

the means by which they could gather information by abandoning the “fragmented approach in 

which police deal with each incident, whether citizen- or police-initiated, as an isolated event with 

neither history nor future” (Kelling & Moore, 1988, p. 10).  This era also coincided with 

developments in computerized and computer-aided technology, which gradually made their way 

into police departments throughout the 1980s and 1990s (Seaskate Inc., 1998).  As the community 

problem-solving era marches on, the incorporation of digital technology into law enforcement 

continues to be an essential area of development. 

2.2.2 “The Father of Scientific Detection” 

In 1879, just over 200 years after the establishment of his country’s police force, a French 

police employee named Alphonse Bertillon devised a method of cataloguing criminals based on 

anthropometry, or measurement of the human body (Rhodes, 1956).  Until 1832, officials in France 

marked criminals by branding them with a hot iron, and recorded and filed subjective physical 

descriptions (e.g. ‘average’ in height or ‘ordinary’ in limb length) of the offenders so police could 

identify whether an individual in custody had been arrested previously (Rhodes, 1956).  In the 

1840s, French police added photographs of criminals to the cards when recording the offenders’ 

physical characteristics (Rhodes, 1956).  

Bertillon began working as a file clerk in the premiere bureau of the prefecture of police 

in early 1879; among his tasks was copying forms bearing criminals’ physical characteristics 

(Rhodes, 1956).  Frustrated by the inconsistency, lack of objectivity, and disorganization of the 
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records he handled, Bertillon used his knowledge of anatomy and statistics to create a new system 

(Rhodes, 1956).  First, Bertillon cut up offenders’ photographs and created a series of boards 

juxtaposing the isolated features of different individuals, revealing noticeable differences in the 

appearances of those features, an example of which is in Figure 2 (Rhodes, 1956). 

 

Figure 2:  Bertillon poster of physical features (U.S. National Library of Medicine, 2014) 

Bertillon studied various attributes of the different features, analyzed their differences, and 

prepared a report of his findings, which he submitted to his superior, Prefect of Police M. Andrieux, 

approximately eight months after he began his job (Rhodes, 1956).  Andrieux ignored Bertillon’s 

initial report, and, after Bertillon submitted the report a second time, issued an in-person rebuke of 

Bertillon and his work (Rhodes, 1956).  In response, Bertillon endeavored to bolster his initial 

findings with precise and accurate data. 

Bertillon purchased measuring instruments—calipers and pincers, similar to those his 

physician father had used—and began conducting experiments (Rhodes, 1956).  Deciding that 11 

specific measurements were required to precisely identify an individual, Bertillon “[chose] those 

parts of the body which could most easily be measured accurately” (p. 81), including length and 

breadth of the head; length and breadth of the right ear;  height; and span of the outstretched arms 
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from middle fingertip to middle fingertip (Bertillon, 1896; Rhodes, 1956).  These measurements, 

along with characteristics such as eye color and hair color, as well as unique marks such as moles 

and scars, were recorded on a card known as a portrait parlé (Rhodes, 1956).  Bertillon also 

included on the card two standardized photographs of the offender, which is recognized in current 

times as a mugshot: one in a frontal pose, and one in a profile pose (Rhodes, 1956).  Bertillon’s 

portrait parlé is in Figure 3 below. 

  

Figure 3:  Bertillon portrait parlé (Bertillon, 1853)  

The final element of the Bertillon system was a hierarchical filing technique that allowed 

for both search (i.e., looking for an existing record of an individual based on known measurements) 

and discovery (i.e., finding an older record of an offender when filing a new record, perhaps under 

an alias) (Bertillon, 1896). 

 Over several years, the Bertillon system of identification became widely accepted in France, 

and Bertillon published a detailed description of his work to date in 1891 (Bertillon, 1896; Rhodes, 

1956).  News of the scientific approach to identifying criminals spread throughout the world and 

police forces in other countries began to adopt it as a practice, including England, Germany, 

Austria, Russia, Switzerland, and portions of the United States (Fosdick, 1915; Spearman, 1893).  

As implementation of Bertillonage increased, however, so did discussion regarding faults in the 

system.  Although Bertillon himself noted weaknesses in his system, such as its lack of application 

to children, whose proportions and features changed over time, Spearman (1915) highlighted 
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additional challenges such as its complexity, the need for specialized training for practitioners, the 

time demand for maintaining and searching the system, and the potential for abuse.  These 

weaknesses, coupled with the rise of fingerprint matching as the preferred identification technique, 

led to the decline and eventual abandonment of Bertillonage in the mid-1920s (Fosdick, 1915; 

ISO/IEC TR 24741 Rev, 2016).   

 Although the use of his system of identification was short-lived, particularly in the United 

States, Bertillon made lasting contributions to the field of biometrics.  The scrupulousness of his 

methods and his standardization of the mugshot informed the development of automated facial 

recognition technology. 

2.2.3 Development of Automated Facial Recognition 

In the early- to mid-twentieth century, the practice of capturing and filing mugshots of 

criminals and suspected criminals grew in the law enforcement community.  With the advent of 

the computer, however, researchers began exploring the potential for building an automated facial 

recognition system.   

2.2.3.1 Development in the 1960s-1970s 

Woodrow Wilson Bledsoe, a researcher for Panoramic Research, Inc., was the first to 

propose applying new machine-based pattern recognition principles to facial recognition problems 

(Bledsoe, 1963).  Inspired by developments in machine recognition of printed and handwritten 

letters of the alphabet, Bledsoe (1963) proposed applying specific machine recognition methods 

for the novel purpose of attempting “to determine whether presently available methods can be 

applied to provide a suitable economical solution to the facial recognition problem” (p. 1).   

In its early stages, Bledsoe’s suggested method of automated facial recognition was 

reminiscent of Bertillonage:  individual facial features such as the nose, lips, ears, and eyes were 

classified according to descriptors such as length, width, orientation, pointedness, and other traits 

(Bledsoe, 1964).  The characteristics of each feature were then assigned classification numbers, 

and a face would be recognized based on the combination of individual classifiers (Bledsoe, 1964).  

As with Bertillonage, human observers examined a photograph, determine the classification 

numbers for each of the photographed individual’s features, and then look up the sequence of 
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classification numbers on a list in order to determine the identity of the individual photographed 

(Bledsoe, 1964).  Bledsoe recognized the impracticality of this method, noting that human 

observers tend to be imprecise in their classification determinations, that the classification process 

itself was time-consuming, that a given combination of feature classifications would not 

necessarily be unique to a single individual, and that the lookup procedure was prohibitively tricky 

when the number of potential identities was large (Bledsoe, 1964).  Based on these observations, 

Bledsoe proposed the development of a system that would convert a photograph into a digital 

representation on a machine (Bledsoe, 1964).  The machine would locate in the digital 

representation of the photograph individual facial features in a prescribed sequence, classify each 

feature based on its characteristics (e.g., upturned nose, bent left ear, etc.) as it is located, and then 

feed the combined classification numbers into a different machine that would look up the 

classification numbers and return an identity for the supplied photograph (Bledsoe, 1964). 

 Continuing the effort to work toward machine recognition of human photographs, Bledsoe 

created and tested what he dubbed a “man-machine procedure” (Bledsoe, 1966).  In this procedure, 

a human operator used a device called a RAND tablet to mark the locations of certain features on 

a projected photograph of a face, and measurements of the marked locations transmitted to a 

computer for interpretation.  The main experiment used approximately 2000 subject photographs, 

with at least two poses per subject, and wide variation in scale, image quality, illumination, and 

head rotation (yaw), tilt (pitch), or lean (roll) throughout the photos (Bledsoe, 1966).  The RAND 

tablet, developed by the RAND Corporation in 1963, consisted of a 10.24” x 10.24” capacitive 

writing surface connected to a pen-like stylus and a computer (Davis & Ellis, 1964).  With the 

RAND tablet set up as depicted in Figure 4, operators (college students) used the stylus to touch a 

series of 27 feature points on each projected photograph, such as the inner corners of the eyes, the 

tip of the nose, and the corners of the jaw, in order to transduce a projected photograph to a 

computer (Bledsoe, 1966).   
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Figure 4:  Bledsoe's man-machine interface (Bledsoe, 1966) 

The x and y coordinates of each point were subsequently normalized, corrected for 

variations in head tilt and rotation, and used to calculate the distances between facial features 

(Bledsoe, 1966).  The data points collected during the transducing process completed a man-

machine identification procedure consisting of the following steps: 

Learning:  In this stage, the identity of the individual in a given photograph is 

stored in the computer, along with the distances associated with his face. 

 

Reading:  Here, the set of distances from an unidentified facial photograph is 

compared to the sets in computer storage, and the computer creates a ranked list 

of names of persons whose stored distances are closest to the distances from the 

unidentified photograph. 

 

Identifying:  A human operator selects the correct photograph from the list of 

candidate identities the computer provided (Bledsoe, 1966). 

The results of this experiment showed that it was indeed possible for a computer to learn 

how to compare facial images and return candidate identities based on a series of operator-supplied 

feature coordinates, though the certainty of the results decreased as throughput increased (Bledsoe, 

1966).  Noticing that differences in a subject’s head pose resulted in different coordinate patterns 

for the same identity, Bledsoe (1966) next attempted to construct a normalized (frontal) pose.  

Bledsoe (1966) did this by comparing groups of coordinates (e.g., the group of coordinates 

representing the location and position of the mouth, the group of coordinates representing the 

location and position of the left eye, etc.) and the spatial relationships between them when lean, 

tilt, and rotation angles were known.  The results of this procedure showed an improvement over 

the previous procedure in reducing uncertainty, but it also introduced the potential for errors in the 

normalization of vertical distances based on a head’s tilt (pitch) angle (Bledsoe, 1966). 
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Bledsoe (1966) also considered, but did not thoroughly examine, several additional topics 

in his man-machine facial recognition experiments:  machine search procedures, automated feature 

location, effects of rotation angle differences, effects of enlarging small pictures, effects of aging, 

and effects of differences in facial expression.  Though most of these considerations required 

additional foundational work before meaningful experimentation could commence, Bledsoe 

anticipated that these topics would be valuable in the future. 

In the early 1970s, researchers from Bell Telephone Laboratories explored how well human 

faces could be identified by humans and computers using the subjective measures outlined in 

Bledsoe’s work (Goldstein, Harmon, & Lesk, 1971).  Through a series of experiments, the 

researchers developed a computer model of human face recognition behavior based on study 

participants’ ability to accurately and reliably identify a particular face from a deliberately 

homogenous population of 256 Caucasian males based on 22 descriptive features, outlined in 

Table 1 (Goldstein et al., 1971).  
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Table 1:  Descriptive features used to model human face identification  

(Reproduced from Goldstein et al., 1971, p. 751) 
 

Final Descriptive Features Used for Face-Identification Experiments 

Hair Eyebrows Eyes Nose Mouth Chin Ears Cheeks Forehead 

Coverage Weight Opening Length Lip Thickness Profile Length Sunken Receding 

  Full   Thin   Slit   Short   Upper   Receding   Short Average Vertical 

  Receding   Medium   Medium   Medium     Thin   Straight   Medium Full Bulging 

  Bald   Bushy   Wide   Long     Medium   Jutting   Long   

Length Separation Spacing Tip     Thick  Protrusion   

  Short   Separated   Close   Upward   Lower    Flat   

  Average   Meeting   Medium   Horizontal     Thin    Medium   

  Long    Wide   Downward     Medium    Sticking out   

Texture  Shade Profile     Thick  Lobes   

  Straight    Light   Concave Lip Overlap     Attached   

  Wavy    Medium   Straight   Upper     Medium   

  Kinky    Dark   Hooked   Neither     Not attached   

Shade      Lower     

  Dark    Width     

  Medium      Small     

  Light      Medium     

  Gray      Large     

  White         
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The result of the experiments was a computer identification scheme that out-performed 

human facial recognition ability by requiring fewer steps to identify a particular face from a 

homogenous population, and also trended closely with the theoretical model that preceded it 

(Figure 5). 

 

Figure 5:  Experimental results from Goldstein et al. (1971) 

Kaya and Kobayashi (1972) noted a particularly problematic aspect of automated facial 

recognition was in determining how to use the face as a pattern.  Using the English alphabet as a 

metaphor, the researchers described the problem in terms of the number of potential patterns and 

the similarity of potential patterns of a human face (Kaya & Kobayashi, 1972).  The researchers’ 

metaphor noted that the alphabet has only 26 classifiable patterns [letters], and that the shapes of 

individual letters of the alphabet are fairly easily distinguished from one another, whereas the 

number of classifiable patterns of faces in the world may be infinite, yet “[a]ny normal face has 

two eyes, one nose, one mouth and two ears which are similarly located”  (Kaya & Kobayashi, 

1972, p. 265).  With this metaphor in mind, Kaya and Kobayashi (1972) studied photographs of 

human faces (frontal view) to determine the basic properties of a face in order to build a foundation 

for machine recognition of human faces.  From their experiments, the researchers determined nine 

parameters:  internal bi-ocular breadth (distance between the inner corners of the eyes), external 

bi-ocular breadth (distance between the outer corners of the eyes), nose breadth, mouth breadth, 

bizygomatic breadth (distance between the ends of the broadest part of the cheekbones), bigonial 
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breadth (distance between the ends of the widest part of the lower jaw), distance between lower 

lip and chin, distance between upper lip and nose, and height of lips, as depicted in Figure 6, below. 

 

Figure 6:  Nine parameters for characterizing a human face (Kaya & Kobayashi, 1972, p. 285) 

 In 1977, Harmon and Hunt explored the viability of automated face recognition using facial 

profile silhouettes rather than photographic frontal views.  Reasoning that a two-dimensional 

profile view of a face presents a comparatively small and simple binary-value matrix for evaluation, 

the researchers converted 256 profile photographs of Caucasian male subjects to traced-outline 

waveforms with the assistance of an artist (see Figure 7) (Harmon & Hunt, 1977).  The researchers 

then scanned the traced outlines into a computer and plotted the locations of nine feature points:  

forehead, nose bridge, nose tip, nose bottom, upper lip, mouth, lower lip, chin, and throat (Harmon 

& Hunt, 1977). 

 

Figure 7:  Transformation of a profile photo to an outline for automated face recognition 

(Harmon & Hunt, 1977, p. 137) 

 From the locations of the nine plotted profile features, the Harmon and Hunt (1977) 

measured the distances between various pairs of points, as well as the angles formed by lines drawn 
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between points.  Based on these points and angles the researchers developed a series of 11 “feature-

vectors,” such as protrusion from the baseline (“baseline” being the line drawn between the 

forehead and chin) and area to the right of the baseline, which they used to compare different 

profiles (Harmon & Hunt, 1977).  A result of Harmon and Hunt’s experiments was in the obvious-

to-humans differences between profile tracings that machine comparison had deemed 

mathematically similar.  As the researchers noted in their findings, “[h]umans are very good at 

differentiating subtle differences in patterns, especially when shape Gestalts are involved; 

machines are poor at this. Computers, in contrast, are better at determining and using quantitative 

measures which are not necessarily ‘patterns’ for human consumption” (Harmon & Hunt, 1977, p. 

145).  While Harmon and Hunt’s approach never caught on as a viable means of automated facial 

recognition, their work nevertheless underscored the utility of using facial landmarks as a means 

of differentiating individual persons from one another in a facial recognition system. 

2.2.3.2 Development in the 1980s-1990s 

 Work toward the development of automated facial recognition continued into through the 

late 1970s to the late 1980s before researchers made the next significant advances.  In 1988, the 

Lakewood Division of the Los Angeles County Sheriff’s Department deployed the first semi-

automated facial recognition system in its Lakewood Division (Coleman, 2000).  Inputs to this 

system were composite drawings of suspects, created by sketch artists, or still images from video 

evidence of a suspect committing a crime (Coleman, 2000).  The system then searched a database 

of digitized mugshot images for images that appeared similar to the inputted picture (Coleman, 

2000).   

The year before Lakewood Division’s deployment of the semi-automated facial 

recognition system, Sirovich and Kirby (1987) published a paper detailing an approach to facial 

characterization and storage they developed, termed eigenpictures.  Eigenpictures employed a 

technique called principal components analysis, which determines the statistical average of a 

location by examining the most significant variance among the data points relating to that location.  

Created by reducing a facial photograph into a grid of pixels, locating feature points such as the 

eyes, nose, and mouth, and then producing a statistically “average” representation of a face from 

an ensemble of multiple facial photographs, eigenpictures are the principal components of the face 

images from the entire ensemble (Sirovich & Kirby, 1987).  Subsequently, one could describe an 
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individual face by the weighted sum of its eigenpicture components.  The resulting eigenpictures 

required less storage space than the entire ensemble, and, in principle, “any collection of faces 

could be classified by storing a small collection of numbers [weighted sums] for each face” along 

with the eigenpictures (Sirovich & Kirby, 1987, p. 519).   

A few years later, Turk and Pentland used eigenpictures in developing the first near-real-

time automated facial recognition system (Turk & Pentland, 1991).  Turk and Pentland (1991) 

built upon the work of Sirovich and Kirby by proposing a system in which eigenpictures, which 

they termed eigenfaces, would be used as an efficient means of learning and recognizing faces, 

and then enabling recognition of particular faces through reconstruction.  More specifically, the 

researchers hypothesized that an individual whose face the researchers used to create a given set 

of eigenfaces could later be identified by projecting a new facial image onto the existing eigenfaces, 

calculating the weighted sum of the new facial image, and then comparing the weighted sum of 

the new facial image to the weighted sums stored with the eigenfaces (Turk & Pentland, 1991).  

Turk and Pentland’s procedure permitted them to update existing eigenfaces with new feature 

information from a known individual, or to incorporate—as a new face—as unknown face to the 

system through repeated exposure and calculation of its characteristic weight pattern (Turk & 

Pentland, 1991).  Though imperfect, the system Turk and Pentland designed and built showed that 

it was indeed possible to locate and recognize faces in a dynamic environment in near-real-time.   

From 1993-1998 the Defense Advanced Research Projects Agency (DARPA) and the 

Department of Defense (DoD) Counterdrug Technology Development Program Office sponsored 

the Face Recognition Technology (FERET) evaluation program to encourage the development of 

face recognition algorithms and technology that could be used to assist security, intelligence, and 

law enforcement personnel in the course of their duties (NIST, 2017a).  The program comprised 

three elements:  sponsoring research to develop facial recognition algorithms, creation of a 

standardized database of facial images, and conducting evaluations of the algorithms developed 

using the database of standardized images (NIST, 2017a).  It also moved facial recognition system 

development forward from theory to working laboratory prototypes (NIST, 2017a).  Many of the 

algorithms developed in the FERET program provided the foundation for commercial facial 

recognition systems today, and the FERET database, which is currently maintained at the National 

Institute of Standards and Technology (NIST) and contains more than 14,000 facial images of 

nearly 1,200 individuals, continues to be used in algorithm testing.  Finally, and perhaps most 
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important, the standardized testing protocol developed and used for the FERET program provided 

a much-needed method for making informed comparisons among facial recognition algorithms, 

wherein quantitative assessments of algorithm performance allowed quantitative assessment of the 

relative strengths and weaknesses of different approaches (NIST, 2017a). 

2.2.3.3 Development in the 2000s-2010s 

Another United States Government-sponsored program to advance facial recognition 

began in 2000—the Face Recognition Vendor Test (FRVT)—which is currently in its tenth 

iteration (NIST, 2019a).  The purpose of the original FRVT was to evaluate the capabilities of 

commercial facial recognition systems, which had just become available.  The evaluation consisted 

of a technology evaluation, which aimed to compare the techniques used for performing facial 

recognition with the standardized FERET database, and a product usability test, which examined 

how the systems performed in an access control scenario (NIST, 2019a). While that first FRVT 

was underway, law enforcement officials in Tampa, Florida, decided to use a commercial facial 

recognition system as part of its security plan for the National Football League’s Super Bowl 

XXXV (Woodward, 2001).  Four companies teamed up to provide the system, and while law 

enforcement made no arrests, they identified 19 attendees with criminal records out of the crowd 

of 100,000 (Dotinga, 2002; McCullagh, 2001).  As it happened, FRVT 2002 was opened to 

evaluate the capabilities of commercial facial recognition systems in terms of technical progress 

made since the FRVT 2000 (Phillips, 2016a).  It also evaluated face matching accuracy on large-

scale databases of challenging real-world images, and introduced new experiments designed to 

understand how facial recognition systems performed when using inputs of different image 

formats (Phillips, 2016a).  

For FRVT 2002, systems had to be fully automated—with no manual (human) intervention 

permitted—and entrants could choose whether to participate in the High Computational Intensity 

(HCInt) test, the Medium Computational Intensity (MCInt) test, or both  (Phillips, 2016a).  The 

HCInt examined the effect of database size on performance, wherein systems were presented with 

a database of approximately 121,000 full-face still frontal images for comparison against still 

images of an unknown person – a task that required performing 15 billion matches in 242 hours 

(Phillips, 2016a).  The MCInt, on the other hand, was conducted in two parts:  a still portion and 

a video portion (Phillips, 2016a).  The still portion of the MCInt examined system accuracy for a 
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scenario in which the capture conditions between probe images and database images were different 

(e.g., the time between images, changes in illumination, differences in pose) (Phillips, 2016a).  The 

video portion of the MCInt examined the effect of multiple imagery formats on face recognition 

performance to determine whether the use of video footage improved facial recognition system 

performance (Phillips, 2016a). 

The next FRVT, which began in 2006, aimed to measure progress since FRVT 2002 in the 

areas of high resolution still imagery (5-6 megapixels), 3D facial scans, multi-sample still facial 

imagery, and pre-processing algorithms that compensated for pose and illumination (Phillips, 

2016b).  It also endeavored to determine whether the objectives of the Face Recognition Grand 

Challenge (FRGC)—an algorithm development project intended to enhance technology 

supporting existing face recognition efforts within the in the United States Government—had been 

met, one of which was to develop face recognition algorithms capable of performing better than 

FRVT 2002 by a factor of ten (Phillips, 2016b).  Using a standardized dataset not previously seen 

by the developers or researchers, as well as a standardized methodology, FRVT 2006 compared 

the human performance of facial recognition to computer performance and found algorithms were 

capable of achieving, or even surpassing, human performance for the same set of images (Phillips 

et al., 2007).  This achievement represented a significant step forward in automated facial 

recognition. 

In 2010, NIST’s Multiple Biometric Evaluation (MBE) considered 2D face imaging in still, 

portal, and video tracks (NIST, 2017c).  Among the publications generated from this study was an 

evaluation of face identification and verification algorithms that NIST tested using four datasets 

containing an aggregate of more than 3 million images (Grother, Quinn, & Phillips, 2010).  A 

series of experiments—termed investigations—resulted in three key findings.  First, the 

experiments demonstrated substantial variation in the performance of the algorithms tested, but 

also indicated that well-performing computers had the potential to decrease human workload 

(Grother et al., 2010).  Second, the experiments demonstrated that the greater the number of images 

per person, the higher the success rate of identification and verification (Grother et al., 2010).  

Third,  the experiments showed that the greater the deviation from frontal pose, the higher the error 

rate, that males generated fewer false non-matches than females, and that race was a factor in 

algorithm accuracy (Grother et al., 2010). 
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As with MBE, the next three FRVTs evaluated performance on multiple face recognition 

tasks.  Among the topics in FRVT 2013 were 1:N identification using mugshot images, 1:1 

verification of visa images, recognition of persons in video sequences, and gender estimation; only 

three reports had been published as of 2017 (NIST, 2017b).  Other FRVT evaluations recently 

completed or currently underway are FRVT MORPH, FRVT 2018, and FRVT Demographic 

Effects.  The FRVT MORPH explored the impacts of facial image distortion or blending of 

multiple facial images on an automated facial recognition system (NIST, 2020).  The FRVT 2018, 

tested the performance of automated 1:1 and 1:N facial recognition technologies  in areas such as 

visa image verification, passport de-duplication, and child exploitation victim identification (NIST, 

2019b).  Finally, FRVT Demographic Effects described and quantified demographic differences 

for approximately 200 different algorithms (Grother, Ngan, & Hanaoka, 2019b). 

 Though not part of the FRVT umbrella, another NIST project—the face in video evaluation 

(FIVE)—assessed the speed and accuracy capability of 36 different face recognition algorithms 

on open-set identification of persons appearing in video sequences from six separate video 

databases (Grother et al., 2017).  Conducted in cooperation with the United States Department of 

Homeland Security’s Science and Technology Directorate, FIVE considered videos that included 

subjects who generally were not deliberately looking at the camera(s) during filming (Grother et 

al., 2017).  The inclusion of non-cooperative subjects increased the difficulty of the challenge for 

the participants (Grother et al., 2017).  However, the results nevertheless demonstrated that facial 

recognition technology has the potential to achieve high-accuracy recognition of passively-imaged 

targets (Grother et al., 2017).  While few algorithms and systems are capable of this achievement 

at their current design and development stages, continued design and deployment advancements 

will likely improve the accuracy of facial recognition systems (Grother et al., 2017).  Grother et al. 

(2017) do note, however, that even with significant advancement in facial recognition from video, 

some proportion of a non-cooperative subject population may not be identified due to occlusions 

or lack of availability of their faces to the camera sensor.  This source of error will be discussed 

further in section 2.3.2.3.2, human-biometric sensor interaction. 

On the consumer front, a variety of products and services have incorporated facial 

recognition technology in recent years.  In 2017, Apple, Inc. released its FaceID biometric 

authentication feature on its newest mobile phones (Apple Inc., 2017b).  FaceID was a follow-up 

to the TouchID authentication system, which allowed an operator to present his fingertip to an 
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integrated capacitive fingerprint sensor in place of entering a passcode for functions such as 

unlocking his iPhone or logging in to certain phone features (Apple Inc., 2017b, 2017a).  FaceID 

permitted an operator to perform similar functions (e.g., unlocking a phone or accessing select 

features) by simply holding the phone a short distance in front of his face (Apple Inc., 2017b, 

2017a).  FaceID employs what it calls the TrueDepth camera system and unspecified algorithms 

to “accurately map the geometry of [the operator’s] face,” and then applies “neural networks for 

matching and anti-spoofing” to enable user access to the device and certain applications within the 

device (Apple Inc., 2017b).  The camera system, depicted in Figure 8, consists of an infrared 

camera, a flood illuminator, a proximity sensor, an ambient light sensor, a front-facing camera, 

and a dot projector that work in tandem to project a grid of up to 30,000 infrared dots onto a user’s 

face in order to map the face’s contours (Cipriani, 2018). 

 

Figure 8:  Apple, Inc.'s TrueDepth camera system on iPhone X (Cipriani, 2018) 

Apple, Inc. makes a variety of performance claims regarding FaceID, including that it 

automatically recognizes and adapts to changes in an operator’s appearance, that it is resistant to 

errors stemming from facial occlusions such as hats and eyeglasses, and that the likelihood an 

impostor could unlock a genuine user’s iPhone is 1 in 1 million (Apple Inc., 2017b; Cipriani, 2018).  

While security researchers and casual users alike were able to quickly cast doubt upon some of 

these claims (Greenberg, 2017), FaceID nevertheless represented a milestone in bringing facial 

recognition technology to mainstream consumer electronics.   

Amazon’s Rekognition, first mentioned in section 1.2.3, is a cloud-based capability touted 

as an affordable and scalable option for organizations seeking to incorporate facial recognition 

technology into their security architecture (Novetta, 2017).  More broadly speaking, Rekognition 

is a deep learning-powered developer tool with several different functions capable of detecting and 

identifying objects (e.g., cars, dogs, furniture), scenes (e.g., sunsets, mountain ranges), text, people, 

and more in still and video images (Amazon Web Services Inc., 2019; Fazzini, 2018).  Accessible 
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via the Amazon Rekognition application programming interface, the Amazon Web Services 

management console, or the Amazon Web Services command line interface, Rekognition can be 

adapted to a variety of needs, ranging from advertising and marketing to sports broadcasting to 

security systems (Amazon Web Services Inc., 2019; Fazzini, 2018).  In recent years, several 

journalists have written about trial integrations of Rekognition’s facial recognition capability into 

BWCs for law enforcement purposes (Dwoskin, 2018; Fazzini, 2018; Harwell, 2019; Koebler, 

2018; Wingfield, 2018).  As mentioned previously, few police departments have publicly 

acknowledged testing Rekognition-enabled BWCs, and misidentification of targets in independent 

testing of the service has raised concerns about the potential for harm stemming from 

Rekognition’s use (Angwin et al., 2016; Buolamwini & Gebru, 2018; Dwoskin, 2018; Koebler, 

2018; Oremus, 2018; Vincent, 2018; Wingfield, 2018).   

While the aforementioned civil liberties concerns are valid—and are discussed further in 

the next section—facial recognition-enabled BWCs for policing nevertheless offer numerous 

potential benefits, particularly from an officer safety perspective.  For example, facial recognition-

enabled BWCs might be used in a watchlist configuration to provide early warning of persons 

wanted for violent crimes or who have made threats toward law enforcement officers in the past.  

Such devices could also serve as a deterrent to violence in a high-threat scenario or could be used 

to identify or verify the identity of an uncooperative subject (Coudert et al., 2015; Hawkins, 2018).  

Additional applications exploring facial recognition technology—which, if viable, could be 

incorporated into BWCs for law enforcement and other first-responders—include identifying 

victims of disasters or mass casualty incidents (Broach, Yong, & Manuell, 2017) and identifying 

victims of human or sex trafficking (Grother et al., 2017).  For these reasons, additional research 

into the accuracy of facial recognition in police BWCs is necessary.   

2.2.3.4 Current Issues in Automated Facial Recognition 

Facial recognition is an exciting technology that has the potential to be used in a wide 

variety of applications, from banking to border security, and from dating to disaster recovery 

(Broach et al., 2017; Jafri & Arabnia, 2009).  Despite decades of development and near-maturity 

for select applications, however, facial recognition remains plagued by concerns regarding how 

the technology may be used by governmental and non-governmental entities to track people’s 
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activities and behaviors, the transparency of such efforts, and how the expanding role of facial 

recognition might positively or negatively impact an individual’s quality of life.   

One consequence of Apple, Inc.’s contribution to bringing biometric technology to 

consumers is that the interpretation of existing laws has had to adapt in response to the 

technology’s near-ubiquity.  Under the Fifth Amendment to the United States Constitution, a 

person’s right to protection against self-incrimination is perhaps the best known of the several 

protections specified.  Under this provision, courts have generally agreed that investigators cannot 

compel suspects to provide a digital device password or passcode, as doing so would require 

suspects to produce an item of knowledge that would facilitate providing investigators access to 

incriminating information about the suspects (Howell, 2017).  Investigators can, however, compel 

suspects to provide biometric passcodes to digital devices without violating suspects’ Fifth 

Amendment rights because a biometric is a physical characteristic of a person rather than an item 

of knowledge (Howell, 2017).  Apple, Inc. is known as a privacy-minded company, however, and 

it devised what has been referred to as the “cop button,” where a suspect who has enabled TouchID 

on his iPhone can quickly press the power button five times to instantly disable this feature and 

revert to a numeric passcode (Howell, 2017).  A similar on-the-fly bypass is available for the 

FaceID feature, but it is only useful if the phone’s owner has both the opportunity and wherewithal 

to engage the bypass (Blum, 2018).   

While also representing an advancement in consumer facial recognition capabilities, 

Amazon’s Rekognition has not met with the same critical acclaim as FaceID (Dwoskin, 2018; 

Koebler, 2018; Snow, 2018; Wingfield, 2018).  The research literature on Rekognition is sparse 

as of this writing, so much of the available information about the technology comes from 

Amazon’s informational pages and news articles focused on the potential infringement of 

Americans’ civil liberties.  For example, in 2018, amid concerns regarding citizen privacy and 

software accuracy, the American Civil Liberties Union filed a Freedom of Information Act 

requests for information in response to news that law enforcement agencies in Florida and Oregon 

were testing Rekognition (ACLU, 2018).  The responses to this request included training materials 

used in the departments testing Rekognition, portions of which raised the alarm among privacy 

and ethics watchdogs (Dwoskin, 2018; Koebler, 2018; Wingfield, 2018).  One training slide from 

the Washington County Sheriff’s Office in Oregon that alarmed the interested parties showed a 

clearly incorrect face match result—a probe image of a clean-shaven O.J. Simpson (a black male) 
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paired with a possible match image of a white male with a mustache—and a confidence score of 

93.53% that the images were of the same individual (ACLU, 2018, p. 40; Wingfield, 2018).   

An extensive body of research capable of supporting a conclusion regarding Rekognition’s 

accuracy does not yet exist.  Studies of Rekognition conducted thus far have shown mixed results, 

with tests of the software’s accuracy ranging from 69.23% to 100% depending upon the type of 

test and the training sets used, and early results suggesting that the more challenging the dataset, 

the more poorly the software performs despite Amazon’s claim that Rekognition is designed to 

process unconstrained images (Jung, An, Kwak, Salminen, & Jansen, 2018; Mane & Shah, 2019; 

Novetta, 2017).  These results are in line with related facial recognition research, which has shown 

that challenging environments such as those with inconsistent lighting or inconsistent camera 

position can interfere with accurate identification or verification of subjects (Grother et al., 2017; 

O’Toole, An, Dunlop, & Natu, 2012; O’Toole, Phillips, An, & Dunlop, 2012).  Successfully 

incorporating an accurate facial recognition capability into BWCs would mark another significant 

milestone in the development and advancement of this technology, but further investigation into 

the performance of Rekognition or similar software is necessary to determine whether facial 

recognition is, in fact, suitable for use in policing environments.   

Additional concerns about facial recognition are typically related to the collection, 

retention, and storage security of facial images.  There are many legitimate uses for collecting a 

person’s facial image with an automated facial recognition system, such as preventing an 

individual from obtaining multiple drivers licenses under different identities (Coleman, 2000; 

Coudert et al., 2015).  However, privacy issues emerge when an entity uses a justifiably collected 

image that goes beyond the original purpose for its collection, or when persons who do not have a 

valid need to access view or distribute justifiably collected images do so (Coleman, 2000; Coudert 

et al., 2015).  For example, social media users with public profiles, persons who appear in news 

stories, and passersby who encounter surveillance cameras may have already had their facial 

images collected for use in training artificial intelligence algorithms without their knowledge or 

express consent, thus raising the question of who “owns” one’s face (Rogers, 2019).  Furthermore, 

persons who have had their facial images collected by a given system—whether wittingly or 

unwittingly—may neither know nor understand where or how their likenesses are stored, which 

generates concern regarding the security of their personal data (Bhattasali, Saeed, Chaki, & Chaki, 

2014; Woo, 2010).  Finally, facial images are not currently considered to be sensitive personal data 
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in the United States, as social security numbers and account credentials are, so private and public 

use of collected face images is not subject to the same handling and processing restrictions that 

limit the use of sensitive data (Buckley & Hunter, 2011).  Perhaps an indication of things to come, 

however, is the recent story of Clearview AI, a small technology company that reportedly built its 

database using images scraped from social media and other websites, and subsequently licensed 

its facial recognition application to hundreds of law enforcement agencies in the U.S. (Hill, 2020; 

Reichert, 2020).  Since knowledge of its methods has become public, Clearview AI has been sued 

over violations of Illinois law regarding the collection, storage, and use of biometric data (Hill, 

2020; Reichert, 2020).   

As Bhattasali et al. (2014) state, “[p]rivacy is the ability to decide what information should 

go where.  Security acts as a significant safeguard for privacy by protecting data” (p. 113).  When 

entities store biometric data in a cloud, as Amazon does with Rekognition, a lack of understanding 

regarding the storage framework and the complementary concepts of privacy and security are in 

play simultaneously (Bhattasali et al., 2014; Novetta, 2017).  Bhattasali et al. (2014) also note that 

preserving the balance between security and privacy is a primary concern about the remote 

framework of the cloud (p. 113).  According to a non-scientific 2017 survey of 1001 people 

regarding knowledge of cloud technology, just over half (56%) of respondents were confident they 

used at least one cloud-based application to access information; a nearly equal percentage (55%) 

were at least somewhat confident in their understanding of “the cloud” (Panko, 2017).  Viewed 

another way, nearly one-third of the respondents (32%) did not know they used at least one cloud-

based application to access information—a trick question posed by the researchers, who conducted 

their survey via several cloud-based applications (Panko, 2017).  A slightly higher percentage 

(36%) reported little to no confidence in their understanding of cloud technology.  Further, 

approximately one-third (30%) of respondents perceived cloud providers to bear the primary 

responsibility for cloud security, and a marginally higher percentage (37%) reported taking no 

additional steps to secure information they have stored in a cloud-based application (Panko, 2017).  

A different survey, conducted for IBM, indicated worldwide concerns about cybersecurity have 

risen over the past five years (Harris Insights & Analytics, 2018).  Further underscoring this 

concern is the fact that recent data breaches at large, multinational corporations have affected 

hundreds of millions of people and negatively impacted relationships between consumers and the 

companies with whom they do business (Janakiraman, Lim, & Rishika, 2018).  With these data in 
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mind, it is easy to understand how individuals might be concerned with the privacy and protection 

of facial images stored in a cloud environment such as Rekognition’s.  

With the continued growth in public, private, and consumer applications of automated 

facial recognition, addressing concerns such as legal protections, personal privacy, and data 

security is increasingly important because, unlike account credentials, telephone numbers, or even 

social security numbers, a person’s face cannot be changed in response to a data breach (Woo, 

2010).  This research addresses the accuracy of an automated facial recognition system, which is 

an aspect of the technology that underpins each of the aforementioned concerns.  

2.3 Facial Recognition as a Biometric 

2.3.1 Overview 

 In a connected, digital world such as ours, protecting against unauthorized access to our 

devices, buildings, files, and accounts is a matter of critical importance.  Common access control 

schemes typically employ one or more of the following:  something you know (e.g., a password 

or personal identification number), something you possess (e.g., a token or key), or something you 

are (e.g., an iris or a fingerprint).  Of these access control techniques, “something you are” is one 

way to describe a biometric.  The term biometrics encompasses several different types or 

modalities of recognition systems, and perhaps the three best-known modalities are fingerprint 

recognition, iris recognition, and facial recognition.  

2.3.1.1 Characteristics of Biometric Modalities 

Essential characteristics of useful biometrics and biometric systems are universality, 

uniqueness, collectability, permanence, performance, scalability, usability, throughput, and 

acceptability (see section 1.3 for definitions).  Not all biometric modalities possess each of these 

characteristics in equal measure, however, so consideration must be given to the most critical 

aspects of the intended application before selecting a modality for a particular operational purpose 

(Modi, 2011).   

Facial recognition as a biometric has several advantages.  First, faces are universal, more 

or less unique—even identical twins have detectable differences in their facial structures—and can 

generally be collected with or without the knowledge or explicit cooperation of a target, which 
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makes facial recognition a right choice for security and surveillance systems.  Second, this 

modality does not require direct contact with a sensor, which can alleviate specific user issues such 

as fear of germ spread and human biometric sensor interaction problems such as arthritis, and 

therefore generally satisfies the criteria of acceptability and usability.  Finally, in specific 

applications, facial recognition is easy to use and has a high throughput rate; section 2.2 briefly 

addressed some modern applications of facial recognition that lend support to the practicality of 

scalability.   

Despite the many advantages of facial recognition, it is not a perfect modality for all uses.  

First, faces lack a high degree of permanence, as they may change significantly over time due to 

aging, substantial changes in weight, lifestyle conditions, and modifications such as cosmetic 

surgery.  Furthermore, in uncontrolled conditions, where illumination, subject pose and expression, 

background, scale, occlusions, motion, and other factors cannot be constrained, facial recognition 

does not perform consistently, and may not function at all.  Finally, although facial recognition 

meets some aspects of the acceptability criterion, concerns about privacy abound since faces are 

one of the most prominent identifiers in modern society (Buckley & Hunter, 2011; Garvie, Bedoya, 

& Frankle, 2016; Ring, 2016).   

2.3.1.2 Identification and Verification 

A fundamental distinction in biometric systems is whether one uses a given system for 

identification or verification (Nanavati et al., 2002).  An identification system does not require a 

user to claim an identity before a biometric comparison takes place, and therefore answers the 

question, “Who is this?” when the user interacts with the system.  An identification system is also 

known as a 1:N (1-to-N or 1-to-many) system because the system compares the biometric data a 

user presents to some number N of existing biometric data records.  Existing data records in an 

identification scenario belong to either a closed set or an open set.  In a closed set, individuals are 

enrolled and saved in the system but do not claim a specific identity when presenting a biometric 

sample for identification.  In an open set, an individual is not required to enroll in the system, and 

the system determines whether or not the presented biometric sample belongs to an identity already 

known to the system.  Open-set identification systems can be further subdivided into positive and 

negative systems.  A positive open-set identification system is designed to ensure that a user’s 

biometric information is present in the system database (e.g., an authorization list), whereas a 
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negative open-set identification system is designed to ensure that a user’s biometric information is 

not present in the system database (e.g., a no-fly watchlist) (Modi, 2011; Nanavati et al., 2002).  A 

verification system, on the other hand, does require a user to claim an identity before a biometric 

comparison takes place, and therefore answers the question, “Is this person who he/she claims to 

be?” when the user interacts with the system.  A verification system is also known as a 1:1 (1-to-

1) system because the system compares the biometric data the user presents to the previously stored 

biometric data of the identity claimed.  

The type of system deployed—identification or verification—is dependent upon the needs 

of the entity deploying it, and how the relative advantages and disadvantages of each type of 

system fit those needs.  Generally speaking, identification systems are more computationally 

expensive than verification systems—that is, more computing power is required—because more 

comparisons must be made in an identification system before a match is or is not determined 

(Nanavati et al., 2002).  For much the same reason, verification systems are generally more 

accurate than identification systems because verification systems are required to make fewer 

comparisons, thus reducing opportunities for errors (Nanavati et al., 2002).  Identification systems 

are useful, however, in scenarios where a verification system is impractical or otherwise does not 

make sense, such as a security watchlist (Nanavati et al., 2002).   

2.3.1.3 The General Biometric System Model 

 Biometric systems, regardless of modality, generally consist of five connected and 

functional subsystems:  acquisition (also known as data capture), signal processing, data storage, 

matching, and decision (Modi, 2011).  Mansfield and Wayman proposed the first generalized 

biometric system model in 2002, and the most current version of the general biometric system 

model, shown in Figure 9, is an internationally standardized version of Mansfield’s and Wayman’s 

creation. 
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Figure 9:  Updated general biometric system model (ISO/IEC 19794-1, 2011) 

The acquisition or data capture subsystem involves the presentation of a biometric trait to 

a sensor as an input sample (Modi, 2011).  In the case of facial recognition, this requires a subject 

to show his face (presentation) to a camera (sensor), so the camera may capture an image of the 

subject’s face (input sample).  The camera for a facial recognition system may capture still images, 

video images, or both, depending on the needs of the operational environment, and camera quality 

is one of the factors that affect input image quality.   

The signal processing subsystem is activated following successful image capture.  In this 

subsystem, the captured image is segmented into face and non-face areas via a face detection 

algorithm (Modi, 2011).  Facial features such as the eyes, nose, and mouth are located in the face 

segment, and the measurements and locations of those features are extracted; a quality control 

check is performed to ensure that the features extracted meet a specified threshold; and a template 

of the facial image is created (Modi, 2011).  Non-frontal head poses and occlusions of the eyes, 

however, can cause face detection to fail because the distance between the eyes—interocular 

distance—is an essential component of normalizing a face (Li & Wu, 2011; Modi, 2011).  Spatial 

normalization ensures that the face is aligned along the x and y axes and that the interocular 

distance conforms to the parameters set for the facial recognition system (e.g., number of pixels 

between the eyes) (Modi, 2011).   

Following signal processing, the biometric system undergoes a functional split, depending 

on whether the system is in identification or a verification mode.  When the system seeks 

verification of an individual’s claimed identity, it retrieves the template of the claimed identity 

from the enrollment database (data storage).  Then, it compares the retrieved template to the 

template of the image acquired at presentation (data capture).  When the system seeks 
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identification of an individual, it compares the template of the input sample acquired at 

presentation to the templates stored in the enrollment database and returns a single identity or a 

list of identity candidates based on similarity scores that are close to that of the user’s input sample 

(Modi, 2011).  When the system compares a template from the input sample captured at 

presentation to a template from the enrollment database for a verification transaction or some 

identification transactions, it assigns a similarity score to each template pair (Modi, 2011).  The 

similarity score is a value that indicates the degree to which the features of the templates are or are 

not in agreement, and the scoring scale may vary by vendor or modality (Modi, 2011).  In 

identification systems, the systems assigns candidates a rank score, r, based on the number of 

candidates returned and the similarity of those templates to the template generated from the user 

input sample (Modi, 2011).   

Following matching, the system must make a decision:  do the paired templates resolve to 

the same identity?  The decision returned is based on the set threshold, a predetermined similarity 

score value set by the system administrator such that the system will or will not resolve a template 

pair to the same identity (Nanavati et al., 2002).  The system administrator sets the threshold value 

based on factors such as the level of security required for the environment in which the system is 

deployed or the level of convenience for end-users.  A high-security and low-convenience 

environment such as a bank vault may have a high threshold, whereas a low-security and high-

convenience environment such as a hotel VIP recognition program may have a low threshold.  

Terms such as match, non-match, or inconclusive are typically used to represent a system decision, 

but the strength of the decision will vary based on the system and threshold (Nanavati et al., 2002). 

2.3.2 Understanding Biometric System Performance 

Biometric system performance cannot be measured by any single metric, as the metrics of 

interest depend on the type of system employed and the type of study undertaken.  Errors, for 

example, can occur at several points throughout a given system, so it is not useful to declare that 

one type of error is more important than another.  Furthermore, evaluating biometric systems 

requires an understanding of not only the different types of error rates but also the relationships 

between them.  Plotting series of error rate probabilities allows for visual interpretation of system 

performance and policy adjustment trade-offs.  Finally, the quality of a biometric sample also plays 

a vital role in biometric system performance. 
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2.3.2.1 Error Types and Rates   

Modi (2011) classifies biometric system errors into two fundamental categories:  

acquisition errors and matching errors.  Acquisition errors are those that occur in the data capture 

and signal processing subsystems of the general biometric model and can result from problems 

with sensor design, user understanding, environmental conditions, quality threshold settings, and 

more (Modi, 2011).  Matching errors are those that occur in the matching subsystem, but are related 

to and frequently overlap with causes of acquisition errors, such as sensor ergonomics, user 

understanding, and environmental factors (Modi, 2011).  The specific types of errors that can occur 

in a biometric system are further discussed here in terms of an automated facial recognition system.   

2.3.2.1.1 Acquisition Errors   

The first type of acquisition error that can occur in a facial recognition system is a failure 

to acquire.   Once a user presents his or her face to the sensor, failure to acquire refers to the 

system’s inability to complete operations up to and including the feature extraction process.  The 

formula to calculate the failure to acquire rate for an individual (n) is shown in (1), and the formula 

to calculate the failure to acquire rate for a population (N) is shown in (2):  

FTA(n) = 
number of unsuccessful acquisition attempts

total number of acquisition attempts
                                      (1) 

 

FTA =  
1

N
∑ FTA(n)

N

𝑛=1

                                                                      (2) 

 

The next type of acquisition error that can occur is a failure to enroll, which is similar to a 

failure to acquire error, but refers to the system’s inability to store a template following feature 

extraction.  As with FTA, the formula to calculate the failure to enroll rate for an individual (n) is 

shown in (3), and the formula to calculate the failure to enroll rate for a population (N) is shown 

in (4): 

FTE(n) = 
number of unsuccessful enrollment attempts

total number of enrollment attempts
                                      (3) 
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FTE =  
1

N
∑ FTE(n)

N

𝑛=1

                                                                      (4) 

Causes of failures to enroll range from a user having insufficiently distinctive biometric 

traits, to administrative policy decisions, to poor system design (Modi, 2011; Nanavati et al., 2002).   

2.3.2.1.2 Matching Errors   

Assuming successful acquisition and enrollment of a user template, the next types of errors 

that can occur in an automated facial recognition system are false matches and false non-matches.  

A system generates a false match error when a user does not have a template enrolled and stored 

in the enrollment database (an “impostor” user), yet the system incorrectly recognizes the impostor 

as an enrolled user.  The false match rate (FMR) is expressed as a proportion of impostor attempts 

that the system successfully matches against the enrolled templates of genuine users, as shown in 

(5) (Modi, 2011, p. 20): 

FMR = 
number of impostor attempts

total number of impostor comparisons
                                               (5) 

Conversely, a system generates a false non-match error when a user does have a template 

enrolled and stored in the enrollment database (a “genuine” user), yet the system incorrectly does 

not recognize the genuine user as enrolled.  The false non-match rate (FNMR) is expressed as a 

proportion of genuine attempts that the system cannot match against the enrolled templates of 

genuine users, as shown in (6) (Modi, 2011, p. 20): 

FNMR = 
number of rejected genuine comparisons

total number of genuine comparisons
                                               (6) 

False match and false non-match errors are typically related to the system administrator-

set similarity score threshold, and one can trace the root causes of matching errors based on single 

attempts rather than errors based on the type of transaction (i.e., identification or verification) 

(Modi, 2011, p. 20).  Further, one can evaluate the performance of a verification system by 

assessing the FMR and FNMR (DeCann & Ross, 2013). 

Other types of matching errors that can occur in an automated facial recognition system 

are false acceptances, false rejections, false-positive identifications, and false negative 

identifications.  False acceptances and false rejections are errors associated with verification 

transactions, where a user claims an identity that the system attempts to verify or reject.  A false 
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acceptance error occurs when the system incorrectly accepts a claimed identity as true, and, in 

single-attempt transactions, a false acceptance error occurs if a false match occurs without a failure 

to acquire error (Modi, 2011, p. 20).  As such, the false acceptance rate (FAR) is the proportion of 

verification transactions from impostors that the system incorrectly accepted as genuine, as shown 

in (7) (Modi, 2011, pp. 20-21): 

FAR = FMR * (1 −  FTA)                                                                      (7) 

 A false rejection error occurs when the system incorrectly rejects a claimed identity as 

false, and, in single-attempt transactions, the FRR includes the FTA (Modi, 2011, p. 20).  As such, 

the false rejection rate (FRR) is the proportion of verification transactions from genuine users that 

the system incorrectly rejected as impostors, as shown in (8) (Modi, 2011, p. 20): 

FRR = FTA + FNMR * (1 −  FTA)                                                            (8) 

False-positive identifications and false negative identifications are errors associated with 

identification transactions, specifically open-set identification (see section 2.3.1.2).  False-positive 

identification errors are similar to the false acceptance errors seen in verification systems in that 

this type of error results in a system incorrectly identifying a user as a member of the system.  The 

false-positive identification rate (FPIR) is expressed as the proportion of identification transactions 

performed by non-enrolled users that returns a candidate list of which they are a member, as shown 

in (9), where n is the number of enrolled templates (Modi, 2011, p. 22): 

FPIR = (1 − FTA)  * [1 − (1 − FMR)n]                                                   (9) 

False-negative identification errors are also similar to the false rejection errors seen in 

verification systems in that this type of error results in an enrolled user being incorrectly not 

identified as a member of a system.  Thus, the false-negative identification rate (FNIR) is the 

proportion of identification transactions performed by enrolled users that returns a candidate list 

of which the enrolled users are not members, as shown in (10) (Modi, 2011, p. 22): 

FNIR = FTA + (1 − FTA) * FNMR                                                       (10) 

The FNIR is also known as the true positive identification rate (TPIR) (DeCann & Ross, 

2013); FNIR will be used throughout this paper. 
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2.3.2.2 Comparing Biometric System Performance   

 In certain types of biometric system evaluations, it is helpful to understand the FAR and 

the FRR in terms of their relationship to one another, expressing them as either an equal error rate 

(EER), a generalized FAR (GFAR), or a generalized FRR (GFRR). 

 The EER, also known as the crossover error rate, is the location on a performance curve 

where the FAR and FRR are equal (see section 2.3.3.2).  In general, the lower the EER is, the 

higher the accuracy of the system’s matching performance.  Most operating systems do not operate 

at the EER, so the utility of this measure is limited to comparing biometric system performance 

(International Biometrics and Identity Association, n.d.; Modi, 2011). 

 When comparing biometric systems with varied FTE, it is necessary to generalize FAR 

and FRR by combining the enrollment, acquisition, and matching error rates to highlight the true 

differences in the systems’ capabilities (Modi, 2011, p. 21).  In generalizing these rates,  one treats 

FTE instances as successful enrollments but treats subsequent verification attempts against or by 

the user as errors (Modi, 2011, p. 21).  As such, the GFAR is the proportion of the verification 

transactions from imposters that the system successfully enrolls and incorrectly accepts, as shown 

in (11) (Modi, 2011, p. 21): 

GFAR = (1 −  FTE) * FAR                                                              (11) 

Likewise, the GFRR is the proportion of the verification transactions from genuine users 

that the system incorrectly rejected, failed to enroll, or failed to successfully acquire for verification, 

as shown in (12) (Modi, 2011, p. 21): 

GFRR = FTE + (1 −  FTE) * FRR                                                       (12) 

2.3.2.3 Sources of Error 

There are several ways in which one can introduce errors into a biometric system.  The 

most commonly cited sources of error are those relating to pose, illumination, expression, 

occlusions, and motion (section 2.3.2.3.1).  The usability of a system or the components of the 

system itself may also result in acquisition and matching errors (section 2.3.2.3.2).  In addition to 

the factors above, certain populations may have higher rates of failure to enroll errors than others 

(section 2.3.2.3.3). 
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2.3.2.3.1 Pose, Illumination, Environment, Expression, Occlusions, and Motion 

This type of failure can occur due to factors such as those relating to pose, illumination, 

expression, environment, motion, occlusions, and more.  Pose refers to the orientation of the user’s 

head as the face is presented to a camera, and the terms pitch, yaw, and roll are used to further 

describe pose.  As depicted in Figure 10, the pitch is the degree to which one moves his head along 

the y-axis, as when nodding ‘yes’; the yaw is the degree to which one moves his head along the z-

axis, as when shaking the head ‘no’; the roll is the degree to which one moves his head along the 

x-axis, as when looking quizzically at another.  

 

Figure 10:  Depiction of pitch, roll, and yaw (Hartmann, Furrer, Herzog, Merfeld, & Mast, 2013) 

Illumination is the lighting upon a face and its effects, such as over-exposure and shadows, 

which can prevent the detection of facial landmarks used in the feature extraction process.  Facial 

expressions change the contours of a face through differing combinations of muscle contractions, 

so biometric facial recognition systems prefer a neutral and relaxed expression in order to 

accurately and precisely locate and extract facial features.  Environment refers to the area in which 

a facial recognition system is deployed and includes factors such as lighting (natural vs. artificial), 

temperature, humidity, and background, all of which have the potential to impact feature extraction.  

Motion typically indicates the movements of the user as he presents his face to the sensor, but may 

also refer to instability in the sensor itself.  Either user movement or sensor instability can result 

in blurring of the image as it is captured and thus a failure to detect and/or extract facial features.  

Occlusions refer to obstructions (e.g., sunglasses, hats, scarves) that prevent the detection of facial 

landmarks and therefore prevent proper feature extraction. 
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In law enforcement, examples of potential facial recognition errors stemming from the 

inconsistent pose, illumination, expression, environment, motion, and occlusions can be found in 

surveillance videos, as well as in the mugshots taken when officers book an individual into a 

correctional facility.  According to the American National Standards Institute (ANSI) and NIST, 

a surveillance image of a face is one that has been “captured without specific regard to scene, 

photographic, or digital requirements…[and is] of relatively poor quality” as compared to posed 

photographs such as mugshots due to factors including head pose angle, low-quality image 

resolution, contrast, or both, and crowded or otherwise noisy environments (ANSI/NIST, 2007, p. 

48).  The conditions of surveillance video, an example of which is shown in Figure 11, share some 

similarities with video footage from a police BWC in that the composition of the scene, a given 

target’s head pose, illumination of the environment, illumination of the target’s face, and the 

resolution of the video may hinder a successful facial recognition operation. 

 

Figure 11: Examples of stills from surveillance videos (O’Connor, 2019b) 

While mugshot specifications are not standardized in the United States—procedures vary 

between states as well as between jurisdictions within the states—they generally consist of a paired 

front-facing image and profile image against a solid or height-marked background, as shown 

earlier in Figure 3.  Further, some states or jurisdictions may strictly follow—or at least use as a 

guideline—the ANSI/NIST (2007) “best practice application” levels for mugshots.  The best-

practice applications recommend photographing a subject without facial occlusions such as glasses, 

against an 18% grey background that is plain and smooth, three-point lighting diffused to minimize 

shadows, and a minimum image size of 480 x 600 pixels with 1:1.25 aspect ratio.  See Figure 12 

for examples of mugshots that approximate the ANSI/NIST best-practice applications. 
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Figure 12: Mugshots of test subjects (not inmates) taken at the Tippecanoe County (Indiana) Jail 

(O’Connor, 2019a) 

An automated facial recognition system for law enforcement BWCs would likely include 

mugshot images as a data source (Garvie et al., 2016; Milone, 2001), which would allow for 

somewhat consistent capture conditions.  BWC video footage, however, would be captured in 

unconstrained environments such as those seen in Figure 11.  Due to the variation in the capture 

conditions for mugshot and BWC images, improving the quality of the images obtained from each 

source would benefit these and other facial recognition applications in law enforcement.  

2.3.2.3.2 Human-Biometric Sensor Interaction (HBSI) 

Traditional biometric system evaluation metrics such as FTA, FTE, FAR, and FRR are at 

times inadequate means of explaining how or why a biometric system errs (Kukula, Sutton, & 

Elliott, 2010).  In response to questions regarding the thoroughness of these metrics, Kukula et al. 

(2010) developed the HBSI evaluation method.  Derived from the intersection of biometrics, 

ergonomics, and usability, HBSI examines the performance of a biometric system in terms of 

interactions between a system and its user and classifies errors following the points in the system 

at which they occur (Kukula et al., 2010).  As shown in Figure 13, biometric system errors can 

occur at the point of the presentation, which the user can make correctly or incorrectly; at the point 

of presentation detection by the system; or at the point of feature extraction or classification by the 

system (Kukula et al., 2010).   
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Figure 13:  The HBSI framework for biometric interactions (Kukula et al., 2010) 

In an automated facial recognition system, presentation refers to the interaction between a 

system user and the camera that will capture his facial image for further processing.  A correct 

presentation first requires a user position his face before the camera such that it is at the proper 

distance from the camera lens and at a proper frontal orientation toward the lens.  The correct 

presentation also requires that the user’s facial occlusions (e.g., eyeglasses) and facial expression, 

as well as the environmental conditions and scene illumination, are within the permissible range 

to allow the camera to capture his image successfully.  Examples of correct and incorrect 

presentations are shown in Figure 14. 
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Figure 14: Examples of acceptable and unacceptable presentations (reprinted from Dunstone & 

Yager, 2009, p. 57) 

 Beyond the sensor, a biometric system must detect the presentation in order to proceed 

through the remainder of the signal processing stage, and Kukula et al. (2010) distinguish between 

the errors at this point in the system based on whether the initial presentation was correct or 

incorrect.  If an incorrect presentation to the sensor results in the presentation not being detected 

by the system, then the error is a defective interaction (Kukula et al., 2010).  If a correct 

presentation to the sensor results in the presentation not being detected by the system, then the 

error is a failure to detect (Kukula et al., 2010).  In a facial recognition system, defective 

interactions might be caused by factors such as poor design or poor positioning of the sensor, or 

by a user’s failure to understand or follow presentation instructions (Kukula et al., 2010).  Failure 

to detect a user’s face, on the other hand, can stem from problems such as environments in which 

faces other than those of the target user are present, sensor failure, or algorithmic bias (Barr, 

Bowyer, & Flynn, 2014; Buolamwini & Gebru, 2018; Kukula et al., 2010).   

Assuming a facial recognition system has successfully detected a presentation to the 

camera—be it a correct or incorrect presentation—the system may produce an error as the 

presentation is classified.  Given an incorrect presentation, such as one in which a user spoofs the 

system by presenting a photograph of a face to a sensor rather than a real face to the sensor, an 

automated facial recognition system may nevertheless record the interaction as a proper 

presentation; the HBSI framework classifies this type of error as a concealed interaction (Kukula 
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et al., 2010; L. Li, Correia, & Hadid, 2018).  Given a correct presentation, however, the system 

may still fail to extract facial features correctly, or at all, resulting in a failure to extract error 

(Kukula et al., 2010).  

The end stages of successfully processed incorrect and correct presentations are false 

interactions and successfully acquired samples, respectively (Kukula et al., 2010).  In a false 

interaction, the system has correctly recognized that the interaction between user and system is 

erroneous due to one or more errors stemming from an original incorrect presentation.  In contrast, 

a successfully acquired sample indicates that an original correct presentation to the system resulted 

in no errors that would prevent the user’s biometric from being captured properly (Kukula et al., 

2010).   

A biometric system must be designed and implemented with attention paid to the necessary 

tradeoffs between system performance and usability.  For example, one might design a facial 

recognition system with generous tolerances for pitch, yaw, and roll of a user’s head in order to 

minimize the rate of incorrect presentations, but this may result in low image quality and poor 

matching performance.  Conversely, one might design a system with stringent standards for a 

correct presentation to the sensor, which could frustrate users who must make multiple attempts 

before their faces are successfully detected, captured, and processed.  These tradeoffs are 

particularly important in a facial recognition system for police BWCs, where the conditions of a 

given capture attempt may vary widely since patrol officers often operate inside and outside of 

vehicles and buildings, in daylight and nighttime conditions, under artificial and natural light, in 

crowded public spaces and private residences, and with cooperative and uncooperative subjects all 

in the course of a single shift.  This study used a consistent, stationary target and manipulated the 

position of the sensor, which law enforcement participants mounted on their outer protective vests, 

to reduce the number of potentially confounding HBSI-related variables. 

2.3.2.3.3 Algorithmic Bias 

Face detection is the critical first step in an automated facial recognition process, and its 

purpose is to determine whether or not a face is present in a given image and then return to the 

system the face’s location and approximate boundaries (You & Akashi, 2018).  Humans can detect 

faces in a wide range of environmental conditions nearly effortlessly, but the same task poses a 

much more significant challenge for computers (You & Akashi, 2018).  Humans must use image 
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datasets to train machine-learning algorithms for facial recognition systems to recognize what does 

and does not constitute a face, so the quality and diversity of the datasets used to train these 

algorithms can also impact the overall accuracy of a facial recognition system.   

Currently, there are three generally recognized categories of automated face detection 

methods:  holistic matching, feature-based, and hybrid (Tsakanikas & Dagiuklas, 2017).  Holistic 

matching methods propose comparing a whole face region to a face database using techniques 

such as eigenfaces, principal component analysis, or linear discriminant analysis  (Tsakanikas & 

Dagiuklas, 2017).  Feature-based methods attempt to extract geometrically arranged facial features 

(e.g., eyes, lips, nose, mouth), classify the extracted features, and then retrieve from a database the 

pattern closest to the face detected (Tsakanikas & Dagiuklas, 2017).  Hybrid methods blend 

specific aspects of the holistic and feature-based methods, using 3D representations of faces as 

input and then comparing the size and shape of additional features such as chins, jawlines, or 

foreheads (Tsakanikas & Dagiuklas, 2017). 

A system can accomplish automated face detection with the aid of cues such as skin color, 

movement, head shape, or facial appearance, or by some combination of cues (Li & Wu, 2011).  

When a system uses facial appearance and skin color as cues, the demographics of the dataset used 

to train the algorithm can affect the system’s accuracy.  One study, for example, found that three 

commercial gender classifiers performed best for males individuals with lighter skin and worst for 

females and persons with darker skin tones (Buolamwini & Gebru, 2018).  Another study found 

that the accuracy of six different facial recognition algorithms was consistently weaker for females 

and dark-skinned persons than for males and light-skinned individuals (Klare, Burge, Klontz, 

Vorder Bruegge, & Jain, 2012).  The reason behind this bias is not yet fully explained, but potential 

reasons include reliance on color contrast for face detection, subtle contour changes from 

cosmetics, and unintended consequences from using an insufficiently diverse dataset for algorithm 

training (Garvie et al., 2016).   

Another aspect of using skin color as a face detection cue that may negatively impact the 

accuracy of a facial recognition system is the composition of enrollment databases.  According to 

United States Census Bureau data, 60.7% of the United States population identifies as white/non-

Hispanic, 18.1% as Hispanic or Latino, 13.4% as black or African American, 5.8% as Asian, 1.3% 

as Native American or Native Alaskan, 0.2% as Native Hawaiian, and 2.7% as multiracial, but 

racial demographics can vary substantially from state to state, county to county, and even 
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neighborhood by neighborhood (United States Census Bureau, n.d.).  A study from the 

Georgetown Law Center on Privacy and Technology found that nearly one in two Americans’ 

facial photographs have been enrolled in a criminal face identification network because law 

enforcement facial recognition systems search state identification card and drivers’ license 

databases as well as mugshot databases (Garvie et al., 2016).  In areas where access to databases 

containing information from state-issued documents is limited, however, a mugshot database may 

be the primary source of enrollment data for law enforcement facial recognition systems (Garvie 

et al., 2016).  This is particularly problematic in terms of race and gender bias because non-white 

persons have a disproportionately higher rate of contact with the criminal justice system in the 

United States, and law enforcement officials arrest males at a higher rate than females for nearly 

all types of crime (Garvie et al., 2016; Gase et al., 2016; United States Department of Justice, 

2017).   

If a developer uses a mugshot database as a training set for law enforcement deployment 

of a facial recognition system—particularly one set for an identification task rather than a 

verification task—then the skewed demographics of the database may impact the performance of 

the facial recognition system (Garvie et al., 2016).  Put another way, the algorithm used in a given 

facial recognition system may operate with a high level of accuracy in one neighborhood or one 

county in one area of the United States, but at a much lower level of accuracy in another.  Further, 

developers of commercial facial recognition algorithms marketed to law enforcement agencies (i.e., 

Rekognition, Clearview AI) may not have trained their algorithms on datasets representative of 

the demographics of a given deployment location, so concerns about the accuracy of facial 

recognition-enabled BWCs and the potential for misidentifying citizens remain valid.     

2.3.2.4 Quality 

The quality of a sample in facial recognition is a measure of the intrinsic characteristics of 

a facial image and its effectiveness for use in a facial recognition system and is a critically 

important factor in biometric system performance (Jia & Gong, 2015).  A quality score is a scalar 

representation of three aspects of a biometric sample’s quality:  character, fidelity, and utility 

(Tabassi, 2015).  Per the draft standard regarding biometric sample quality, ISO/IEC 29794-1, 

character refers to the richness or normality of the features from which a sample is derived (e.g., a 

face with a deformed nose or extensive scarring may show poor character).  Fidelity indicates the 
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extent to which a digital sample represents its analog source (e.g., a blurry photograph of a face 

may have low fidelity) (Tabassi, 2015).  Utility, which is a function of a sample’s character and 

fidelity, refers to the observed or predicted value of the sample to a biometric system (Grother, 

Ngan, & Hanaoka, 2019a; Tabassi, 2015).  This standard also states that quality scores must 

indicate sample recognition performance concerning FMR, FNMR, FTE, and FTA, which would 

also suggest that a higher quality score correlates with a higher comparison (match) score (Grother 

et al., 2019a; Tabassi, 2015).  Biometric systems report quality scores as values on a scale of 0 to 

100, and the ISO/IEC 19784 Biometric Application Programming Interface (BioAPI) guidance for 

quality score interpretation is found in Table 2 (Tabassi, 2015). 

Table 2:  Guidance for interpretation of biometrics sample quality scores                           

(reproduced from Tabassi, 2015, p. 210) 

 BioAPI Quality Score Interpretation  

Value Interpretation 

0-25 Unacceptable: the sample cannot be used for the purpose specified by the 

application. The sample needs to be replaced using one or more new 

biometric samples 

26-50 Marginal: the sample will provide poor performance for the purpose 

specified by the application and in most application environments will 

compromise the intent of the application. The sample needs to be replaced 

using one or more new biometric samples 

51-75 Adequate: the biometric data will provide good performance in most 

application environments based on the purpose specified by the application. 

The application should attempt to obtain higher-quality data if the 

application developer anticipates demanding usage 

76-100 Excellent: the biometric data will provide good performance for the purpose 

specified by the application 

 

Despite the importance of image quality to a biometric facial recognition system, no 

standards currently exist as to how algorithms should assess facial image quality, and automated 

quality assessment algorithms do not undergo standardized performance evaluations, so the 

meaning of a given quality score is somewhat subjective (Grother et al., 2019a).  Further 

complicating the meaning of a given quality score is the fact that different algorithm developers 

may extract different, proprietary features from face images; Neurotechnology, for example, 

extracts 68 facial feature points (Neurotechnology, 2017).  Algorithms may also have different 
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levels of accuracy and may have different tolerances for problems such as variations in pose, 

illumination, environment, occlusions, sensing noise, sensor characteristics, and so on (Grother et 

al., 2019a; Jia & Gong, 2015; Neurotechnology, 2017).  Regardless of how a given algorithm 

arrives at its image quality scores, though, extreme degradations to a facial image such as 

significant under- or over-exposure, significant blurring, or high pitch or yaw angles will fail to 

provide a quality score at all (Grother et al., 2019a). 

2.3.3 Performance Testing   

This section addresses statistical hypothesis testing and performance curves. 

2.3.3.1 Hypothesis Testing   

Evaluating the matching performance of a biometric system is based on statistical 

hypothesis testing, wherein an evaluator selects a null hypothesis (𝐻0) and one or more alternate 

hypotheses (𝐻1, 𝐻2, … , 𝐻𝑛) to test an assumption or claim (Modi, 2011).  The null hypothesis 

typically states that there is no statistically significant difference between the variables of interest, 

whereas an alternative hypothesis typically states the opposite.  In a facial recognition system, the 

claim that the template generated from the facial image User A presents to the system will match 

the template stored in the enrollment database that corresponding to User A’s identity the null and 

alternate hypotheses might be represented as follows: 

𝐻0 =  both samples belong to User A 

𝐻𝑎 =  both samples do not belong to User A 

Results of testing will determine which hypothesis the evaluator should reject as false and 

which hypothesis the evaluator can accept as true, although one must be careful not to interpret 

rejection of one hypothesis as definitive proof of the alternative. 

The two types of errors associated with hypothesis testing are known as Type I and Type 

II errors; a Type I error () occurs when the evaluator falsely rejects the null hypothesis, and a 

Type II error () occurs when the evaluator falsely rejects the alternative hypothesis.  In biometric 

error terms, Type I errors are analogous to false rejection and false non-match errors, and Type II 

errors are analogous to false acceptance and false match errors (Modi, 2011).  When plotting the 

impostor similarity score distribution and the genuine similarity score distribution as a function of 
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the probability density, the area in which the distributions overlap represents the total number of 

errors the system produced, and the threshold serves to divide false acceptances from false 

rejections, as depicted in Figure 15. 

 

Figure 15:  Similarity score distributions as a function of probability density (Modi, 2011, p. 23) 

As noted previously, a system administrator chooses the threshold value based on the levels 

of security and convenience desired for the biometric system.  Adjusting the threshold value 

downward (to the left) would decrease security and increase convenience by raising permissible 

false acceptances and lowering permissible false rejections, whereas adjusting the threshold value 

upward (to the right) would increase security and decrease convenience by lowering permissible 

false acceptances and raising permissible false rejections. 

2.3.3.2 Performance Curves   

The three types of curves most commonly used in biometric performance analysis are the 

detection error tradeoff (DET) curve, the receiver operating characteristic (ROC) curve, and the 

cumulative match characteristic (CMC) curve. 

A DET curve graphically depicts the trade-off between false matches and false non-

matches for a range of thresholds (Dunstone & Yager, 2009).  These curves are created by plotting 

the FMR and FNMR on the x- and y-axes, respectively, as a function of the threshold, such 

that each point (x, y) on the curve represents the combination of error rates at a particular threshold 

value (see Figure 16).  The ideal performance of a biometric system—where the system commits 

no errors—will have a DET curve that is a straight line along either the x- or y-axis.  Since entirely 

error-free biometric systems do not exist in real-world conditions, however, one may interpret a 

DET curve according to the proximity of the center point of the curve to the graph origin (0,0) 
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(Modi, 2011).  Higher system accuracy is indicated by a curve that is closer to the origin than it is 

to the limits of the x- and y-axes (Modi, 2011). 

 

Figure 16:  An example of a DET curve, using FRR and FAR (Bryan, 2018) 

An alternative to the DET curve is the ROC curve, which is created by plotting two 

different error rates (e.g., the FAR and the true positive rate (1 – FRR), or the FMR and the genuine 

acceptance rate (1-FNMR)) on the x- and y-axes at a series of thresholds, as depicted in Figure 17 

(Bolle, Connell, Pankanti, Ratha, & Senior, 2005; DeCann & Ross, 2013).  One may interpret a 

ROC curve according to the area under the curve (AUC); a larger AUC value indicates higher 

system accuracy.  The ideal performance of a biometric system—where there are no errors—where 

no errors are committed—will have a ROC curve with an AUC at 1.0 (100%).   

 

 

Figure 17:  An example of a ROC curve, using genuine acceptance rate (1-FNMR) and FMR 

(DeCann & Ross, 2013) 



 

67 

The CMC curve is a method for visually analyzing identification system testing results, 

specifically closed-set identification systems, and it is created by plotting all possible rank (r) 

values on the x-axis, and the probability of correct identification at each possible r on the y-axis 

(Bolle et al., 2005; DeCann & Ross, 2013; Modi, 2011).  See Figure 18 for an example of a CMC 

curve. 

 

Figure 18:  A CMC curve for a candidate list of variable size (Modi, 2011, p. 24) 

 While both ROC and CMC curves assess biometric system performance using comparison 

scores, a fundamental difference between them is that ROC curves are aggregate-based (genuine 

and impostor scores considered all at once), whereas CMC curves are rank-based (genuine and 

impostor scores explicitly ordered) (DeCann & Ross, 2013).  Bolle et al. (2005) evaluated the 

relationship between CMC and ROC curves, noting a direct relationship between the two, and 

asserted in their conclusion that a CMC curve “merely expresses the sorting capabilities of a 1:1 

[verification] matcher” (p. 20).  DeCann and Ross revisited this claim several years later, 

hypothesizing that neither CMC nor ROC curves can thoroughly assess a biometric system’s 

performance, and demonstrating that one could observe a “poor” ROC curve and a “good” CMC 

curve (and the reverse) from a single set of comparison scores (DeCann & Ross, 2012).  In a 

follow-up study to their 2012 work, DeCann and Ross (2013) examined whether they could derive 

CMC curves from ROC curve data and vice-versa.  Through their experiments, the researchers 

determined that multiple CMC curves could be associated with a single ROC curve, underscoring 

their previous conclusion that evaluators should use both CMC and ROC curves when comparing 

or assessing a biometric system’s performance (DeCann & Ross, 2013). 
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2.4 Analyzing Motions of the Human Body 

An important topic in computer vision, with direct application to facial recognition in 

BWCs, is human body motion analysis.  Since the focus of this research concerns the effects of 

body positioning on facial recognition accuracy in police BWCs, it is essential to understand the 

underlying structures of the human body and how those structures interact in order to describe the 

changes observed during experimental trials accurately. 

2.4.1 Overview 

To understand human movement, one must first understand anatomy, anatomical 

terminology, and the relationships between anatomical elements that allow for coordination of 

body parts to produce motion.  Discussion in this section will be limited to skeletal and muscular 

systems; it will not address the nervous or cardiovascular systems. 

2.4.1.1 Anatomy and Anatomical Terminology 

A fundamental description of the human body is the anatomical position (Figure 19).  In 

this position the body is erect and forward-facing, with arms hanging loosely by the sides and 

palms facing forward (Palastanga, Field, Soames, & Bogduk, 1994).  The legs touch, and feet are 

parallel with toes pointed forward (Palastanga et al., 1994). 
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Figure 19:  Visual representation of the anatomical position, with cardinal planes and directional 

terms (Palastanga et al., 1994) 

Also shown in Figure 19 are the cardinal planes—sagittal (median), coronal (frontal), and 

transverse (horizontal)—and directional terms such as anterior, posterior, lateral, medial, superior, 

and inferior, which will be explained further in the next section.  Regardless of a body’s actual 

position in space, all positional terminology refers to the anatomical position. 

2.4.1.1.1 Cardinal Planes 

To aid in understanding how anatomical structures relate to one another and how structures 

move with respect to one another, three imaginary reference planes, known as the cardinal planes, 
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are described as they pass through the body in a mutually perpendicular fashion (Palastanga et al., 

1994).  The first plane is the sagittal plane, also known as the median plane, which passes through 

the midline of the body from front to back to divide it into symmetrical left and right halves.  The 

second plane is the coronal plane, also known as the frontal plane, which is perpendicular to the 

sagittal plane and passes through the body from top to bottom to divide it into anterior and posterior 

parts.  The third plane is the transverse plane, also known as the horizontal plane, which is 

perpendicular to both the sagittal and coronal planes and passes through the midline of the body 

to divide it into upper and lower halves.  While additional families of planes exist throughout the 

body, parallel to the aforementioned cardinal planes and typically used in reference to a more 

precise location (e.g., a paramedian view of the sacrum), only the three cardinal planes will be 

used throughout this work. 

Motion occurs about a single axis within each plane, typically in association with a 

specified joint.  Arranging these axes so that they intersect at the center of joints allows one to 

describe possible movements from that joint in simpler components, and also facilitates 

understanding of muscular involvement in movement as well as how combined musculoskeletal 

actions result in particular movements (Palastanga et al., 1994, pp. 2-3). 

2.4.1.1.2 Directional Terminology 

Several directional terms describe the anatomical positions of various body structures, and 

a selection of the most commonly used terms are further described here, in pairs.  The first pair is 

anterior and posterior; anterior means to the front or in front, and posterior means to the rear or 

behind.  For example, one could state that the patella (kneecap) is anterior to the knee joint, or that 

the gluteus maximus muscle is posterior to the hip joint (Palastanga et al., 1994, p. 2).  The next 

pair is superior and inferior, meaning above and below, respectively.  In some cases, the terms 

cephalic and caudal, which mean toward the head and toward the tail, respectively, may be used 

instead of superior and inferior when referring to the trunk of the body (Palastanga et al., 1994, p. 

2).  The last pair is lateral and medial, which mean away from the median plane and toward the 

median plane, respectively.  When describing the digits of the hands or feet, one might say that the 

pinky toe is lateral to the big toe, and the pinky finger is medial to the thumb (Palastanga et al., 

1994, p. 2). 
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2.4.1.1.3 Bones, Muscles, and Joints 

Bones, muscles, and joints are three components of the musculoskeletal system that form 

the framework for human movement.  A discussion of these components here will be limited to 

the aspects of each that are relevant to this study. 

Bone is a hard substance, composed primarily of a matrix of fibrous connective tissue 

impregnated with mineral salts, the form and structure of which is adapted to support particular 

functions within the body (Palastanga et al., 1994, p. 10).  Subjected to regular and repeated 

mechanical stresses, bones continuously remodel in order to meet the demands placed upon them 

(Palastanga et al., 1994, p. 10).  Palastanga et al. (1994), describe the four classifications of bones 

according to their shape as follows:  

1.  Long bones are within the limbs and consist of a shaft and two expanded ends. 

2.  Short bones are the bones of the wrist and part of the foot the carpal and tarsal 

bones respectively. 

3.  Flat bones are thin and often curved (despite their classification); they include 

the bones of the skull vault and the ribs. Structurally, they consist of two layers 

of compact bone enclosing cancellous bone. 

4.  Irregular bones are those which fit none of the above categories, such as the 

vertebrae and many of the bones of the skull and face. (p. 10) 

Individual bone structures and functions should not be considered in isolation, for structure 

and function are dependent upon and affected by adjacent bones, the type of articulation (touching) 

between bones, and the attachment of soft tissues such as muscles and ligaments (Palastanga et al., 

1994, p. 10).   

Like bones, skeletal muscle takes different forms that vary according to the location and 

function in the body.  Smooth muscle forms the walls of structures such as organs and blood vessels 

and is not under voluntary control.  Cardiac muscle is found only in the heart and is also not under 

voluntary control.  Skeletal muscle, which is the variety of interest for this study, consists of 

multiple individual fibers bound together by loose bands of tissue, is under voluntary control and 

makes up more than a third of a human’s body mass (Palastanga et al., 1994, p. 14).  Individual 

fibers within a particular muscle are either parallel or oblique to the line of pull (the long axis) of 

the whole muscle, which affects the extent to which the muscle fibers can contract and the relative 

amount of power in the whole muscle (Houglum, 2016).  Muscle fibers that are oriented parallel 
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to the line of pull may be grouped into a bundle, such as with the biceps brachii muscle in the 

upper arm, or spread into a sheet, such as with the external oblique muscles in the abdomen 

(Palastanga et al., 1994, p. 14).  Muscle fibers that are oriented oblique to the line of pull, such as 

in the area of the scapula (shoulder blade) are more densely packed than are parallel-oriented fibers, 

which reduces the extent to which the muscle can contract, but also makes the whole muscle more 

powerful.     

Where the bones of the body come together joints are formed, and, as with bones and 

muscles, there are multiple forms of joints in the body, each with a particular structure and function 

(Palastanga et al., 1994, p. 18).  The two broad classes of joints relevant to this study are 

cartilaginous joints and synovial joints.  Cartilaginous joints are those in which a pad of cartilage 

mates two bones.  Cartilage is a supplementary tissue to bone that is simultaneously strong, rigid, 

and somewhat elastic.  Examples of cartilaginous joints are the first sternocostal joint (located in 

the upper chest region), vertebral joints, and the joint between the two bodies of the pubic bone 

(Palastanga et al., 1994, p. 18).  Synovial joints are those which are freely mobile and the joint 

surfaces either glide or roll past each other; most limb joints (e.g., shoulder, hip, knee) are synovial 

(Palastanga et al., 1994, p. 20).  A fibrous, protective capsule containing several different structures 

characterizes this class of joints, among which is the synovial membrane; a structure that secretes 

a lubricating and nourishing fluid into the space (cavity) enclosed by the joint capsule (Palastanga 

et al., 1994, p. 20).  The synovial joint class is further subdivided into seven narrower categories 

that describe the shape of the joint’s articular surfaces and the movements possible at the joint 

(Palastanga et al., 1994, p. 20).  Of the seven subcategories of synovial joints Palastanga et al. 

(1994) describe, the three types most relevant to this study are as follows: 

1.  Hinge joint:  The articular surfaces allow for a swinging type of movement about 

one axis, such as with the hinges of a door.  The 'fit' of the two articular surfaces 

is usually good, but the joint is supported by strong collateral ligaments to limit 

movement outside the intended axis. The elbow is a typical hinge joint. The knee 

joint is a modified hinge joint, as it permits some movement about a second axis 

due to the poor fit of the articular surfaces. 

2.  Pivot joint:  Also known as a rotary joint, the articular surface of one bone rotates 

within a fibro-osseous (fiber-bone) ring, allowing movement about a single axis. 

The atlantoaxial joint in the upper neck is an example of a pivot joint. 

3.  Ball and socket joint:  As the name suggests, the 'ball' of one bone fits into the 

'socket' of the other. This type of joint allows motion in nearly all directions, 



 

73 

with movement occurring about three principal mutually perpendicular axes. 

The hip joints and shoulder joints are examples of ball and socket joints. (p. 20) 

How bones, muscles, and joints work together and in opposition in order to produce 

movement will be further discussed in section 2.4.2. 

2.4.1.1.4 The Trunk 

The trunk, also known as the torso, is the central segment of the human body – primarily, 

the body minus the head and limbs.  For this study, the trunk is discussed in terms of the two 

middle regions of the vertebral column, the thoracic cage (ribcage), and the muscles and joints 

within these areas; the head and neck will be considered separately, as will the lower body, in 

sections 2.4.1.1.5 and 2.4.1.1.6, respectively.   

Held together by ligaments and muscles, the vertebral column is a flexible mechanical 

structure with multiple functions (Palastanga et al., 1994).  These functions include carrying and 

supporting the thoracic cage, providing anchor points for many of the major muscle groups that 

maintain human balance and erectness, producing and accumulating moments of force involved in 

human movement, and concentrating and transmitting forces received from other parts of the body 

(Palastanga et al., 1994). Comprising 33 bony segments divided into four regions, the vertebral 

column is typically between 72-75cm in length and accounts for approximately 40% of an 

individual’s height (Palastanga et al., 1994).  The adult vertebral column has four curvatures, as 

shown in Figure 20: cervical (neck), thoracic (upper and middle back), lumbar (lower back), and 

sacral (pelvic area), all of which contribute to balance, stability, and movement of the body. 
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Figure 20:  A lateral view of the adult human spinal column (Palastanga et al., 1994, p. 683) 

 The line of gravity and center of gravity, both depicted in Figure 20 above, as well as the 

base of support, are interrelated concepts pertaining to stability, which is discussed further in 

section 2.4.3.2. 

 The thoracic cage, also known as the ribcage, is a roughly egg-shaped structure that 

surrounds, protects, and supports the heart and lungs as well as other internal structures (Palastanga 

et al., 1994, p. 621).  It comprises 12 pairs of rib bones, the sternum bone, muscles, and other soft 

tissues.  Figure 21 depicts how each of the rib pairs is connected posteriorly to a single vertebra, 

and the first 10 rib pairs are connected anteriorly to the sternum bone with cartilage; the two 

remaining rib pairs are not connected in the front and are therefore referred to as floating ribs.   
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Figure 21:  The thoracic cage (Palastanga et al., 1994, p. 621) 

As the ribs pass forward from the vertebral column, they also slope downward.  This results 

in the anterior end of each rib being located inferior to the posterior end of the same rib.  The space 

between adjacent ribs is called the intercostal space, and it contains muscles. 

2.4.1.1.5 The Head and Neck 

The head and neck region is one of the most complex areas within the body.  Of the seven 

cervical vertebrae, the two that are most relevant to this study are the first and second vertebrae, 

often referred to as the atlas and the axis, respectively (Figure 22).     

 

Figure 22:  The skull, atlas, and axis.  Reproduced from 

https://www.uppercervicalhealthcentersboise.com/atlas-subluxation-complex-asc.html 
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The atlas, so called because it “holds” the skull as the mythological Atlas did with the 

world, and the axis together forms a joint called the atlantoaxial joint that allows for pivoting and 

rotational movement of the head.  In addition to the bony structures that permit head movements, 

the head and neck region also contains dozens of muscles and other soft structures that control 

axial movements and serve functions such as those involved with eating or making facial 

expressions.  Although many of the smaller muscles of the neck are associated with specific actions, 

their primary role is to balance the head on the vertebral column (Palastanga et al., 1994, p. 638).  

2.4.1.1.6 The Lower Body 

 The lower body, consisting of the pelvic girdle, the legs, the feet, and associated joints and 

muscles, has evolved in humans to adapt to weight-bearing, locomotion, and maintaining an 

upright, bipedal posture (Palastanga et al., 1994, p. 296).  It is typically divided into four regions—

gluteal, thigh or upper leg, leg or lower leg, and foot—as shown in Figure 23.   
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Figure 23:  The lower body (Palastanga et al., 1994, p. 301) 

The bones of the lower body are larger and more robust than those in the upper body, 

having adapted to functions of strength, support, and resistance to mechanical stresses.  The pelvic 

girdle, which consists of the fused bones of the vertebral column and the roughly butterfly-shaped 

innominate (hip) bones, transmits weight from the vertebral column to the legs via the femur.  The 

femur, which is the longest and strongest in the body, then transmits the weight from the pelvic 

girdle to another long bone, the tibia, which subsequently transmits weight from the femur to the 

foot.  The knee, hip, and ankle joints move as needed, depending on activity, to produce motion, 

provide stability to the body, or both. 

Although there are many large and small muscles in the lower body, the muscles 

surrounding the hip joint and those of the upper leg are of the most interest to this study.  The 

muscles surrounding the hip joint have a dual role in that they must be able to produce controlled 



 

78 

power immediately, for activities such as running uphill or upstairs, but they must also be able to 

maintain a set position for long periods in static positions such as when standing, leaning forward, 

and sitting (Palastanga et al., 1994, p. 326).  The gross muscle work and joint activity of lower 

body movements tend to be standard across most ordinary individuals, but will vary according to 

the speed at which one performs an activity (Palastanga et al., 1994, p. 393).  Further, the precise 

manner in which a person executes movements will vary according to the height, weight, and build 

of the individual, and these movements can be influenced further by the clothing a person wears 

(e.g., high heels, tight jeans, protective garments such as body armor) (Palastanga et al., 1994, p. 

393). 

2.4.2 Movement Terminology 

Movement in the human body is complex, typically occurring in two or three bodily planes 

simultaneously (see Figure 19) (Houglum, 2016).  All movement in the human body is brought 

about by muscle shortening, with the consequent action of pulling across joints changing the 

relative positions of the bones involved (Palastanga et al., 1994, p. 14).  Three aspects of movement 

terminology relevant to this study are flexion, extension, and rotation.  Movement about a 

transverse axis occurring in the paramedian plane is called flexion and extension, shown in Figure 

24 (Palastanga et al., 1994).   

 

Figure 24:  Example of flexion and extension from the hips (Palastanga et al., 1994, p. 713) 
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Movement about a vertical axis in a transverse plane is rotation, which one can direct 

medially or laterally (Palastanga et al., 1994).  Trunk rotation involves coordination between the 

cervical, thoracic, and lumbar regions of the spine, each of which has different ranges of motion 

when considered individually (Palastanga et al., 1994).  As a unit, however, the normal range of 

motion for rotation in the thoracolumbar region of the trunk in healthy adults is approximately 30 

to 40 degrees (Phillips, Reider, & Mehta, 2005, p. 343), as shown in Figure 25. 

 

Figure 25:  Trunk rotation (“The spine,” 2013) 

The normal passive ranges of motion at the hip and knee joints for healthy adults aged 20 

to 69 are summarized in Table 3, which is adapted from Soucie et al. (2011). 

Table 3:  Joint range of motion by gender and age (reproduced from Soucie et al., 2011) 

Passive Joint Range of Motion in Healthy Adult Subjects by Gender and Age 

Joint Motion Males Females 

 20-44 45-69 20-44 45-69 

Hip extension 17.4  

(16.3–18.5) 

13.5  

(12.5–14.5) 

18.1  

(17.0–19.2) 

16.7  

(15.5–17.9) 

Hip flexion 130.4  

(129.0–131.8) 

127.2  

(125.7–128.7) 

133.8  

(132.5–135.1) 

130.8  

(129.2–132.4) 

Knee flexion 137.7  

(136.5–138.9) 

132.9  

(131.6–134.2) 

141.9  

(140.9–142.9) 

137.8  

(136.5–139.1) 

Knee extension 1.0  

(0.6–1.4) 

0.5  

(0.1–0.9) 

1.6  

(1.1–2.1) 

1.2  

(0.7–1.7) 

Note:  Data are presented as mean degrees (95% confidence interval) 

 

 Each joint in the body has a limited range of motion, yet the position and range of motion 

of other joints can impact the effective range of motion of a single joint of interest (Fleet, 2011).  
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Factors such as external load can further impact joint range of motion (Fleet, 2011).  The researcher 

asked participants in this study to conduct a series of movements while wearing their daily duty 

uniforms (e.g., boots, trousers, blouse, duty belt, inner and outer protective vests) so that the 

researcher could capture normal, uniform-imposed constraints on their ranges of motion during 

data collection. 

2.4.3 How Human Motion Analysis is Conducted 

The motion of a body “is typically addressed by the movement of the limbs and hands, 

such as the velocities of the hand or limb segments, or the angular velocity of various body parts” 

(Aggarwal & Cai, 1999, p. 430).  This section briefly addresses biomechanical terminology and 

concepts relevant to this study. 

2.4.3.1 Kinematics and Kinetics 

Chapman (2008) describes kinematics, or the study of motion in bodies without regard to 

cause, is understood by way of the interrelated mechanical concepts of displacement, velocity, and 

acceleration and their angular or rotational equivalents.  Furthermore, Chapman (2008) offers the 

following definitions of kinematic variables:  Displacement “represents the straight-line distance 

between two points, irrespective of the path taken between the points,” has the dimension of length 

(l), and is measured in units of distance such as inches, feet, meters, yards, kilometers, and miles. 

Velocity (v) is the rate at which displacement occurs with respect to time, has the dimension of 

length divided by time (l/t), and is measured in units such as feet per second, meters per second, 

and miles per hour.  Acceleration (a), or the rate at which velocity changes with respect to time, 

has the dimensions of (l/t)/t, and is measured in units such as meters per second per second 

(Chapman, 2008). 

Kinetics, or the study of motion in bodies with regard to cause, is understood in terms of 

the force and work done to produce motion (Chapman, 2008).  Kinetics is further described by 

terms such as force, momentum, and energy (Chapman, 2008).  The fundamental mechanical 

equation, force (F) equals the product of the mass (m) of an object and its acceleration (a) (F = 

ma), is underpinned by Newton’s first law of motion, which states that a body in motion or at rest 

will remain in that state unless acted upon by a net external force (Chapman, 2008).  Newton’s 
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second law of motion further describes the relationship between force and acceleration by stating 

that “[t]he rate of change in momentum is proportional to the applied force and occurs in the 

direction of the force” (Chapman, 2008).  Stated another way, “[t]he acceleration of an object is 

directly proportional to the force causing motion and inversely proportional to the mass of the 

object being moved” (Houglum, 2016, p. 70).  In terms of human movement, force—whether 

internal or external—is  “any action or influence that moves the body or influences the movement 

of the body” (Behrens, 2018). 

In order to gain information about the nature of human motion, force must be observed or 

calculated over some time or displacement (Chapman, 2008).  Observing force with respect to time 

is known as mechanical impulse, which allows for observation of changes in momentum, or the 

amount of motion in the body (Chapman, 2008).  Work (W) and kinetic energy (KE) are the two 

major kinetic processes by which one understands biomechanical functioning of the body, and 

observing force with respect to displacement is known as work (Chapman, 2008).  Application of 

force can produce two types of motion:  linear (movement in a straight line) and angular (rotational 

movement along an arc).  While movement of the whole body through space is typically linear, 

the ability of body joints to produce angular motion through rotational movement is what allows 

human to conduct activities such as walking, running, jumping, and more.  

2.4.3.2 Stability 

Biomechanical stability refers to the balance achieved when a person’s line of gravity falls 

within the body’s base of support.  The line of gravity, previously identified in section 2.4.1.1.4 

and Figure 20, is an imaginary line that passes vertically through an object’s center of gravity 

toward the center of the earth.  The center of gravity, also known as the center of mass, is the point 

in the body around which the bulk (or mass) of the body is balanced and torque (the ability of a 

force to produce rotation around an axis) on all sides is equal (Behrens, 2018).  Both the human 

body as a whole and its parts have centers of gravity, and while the precise location of the center 

of gravity for the entire body changes based on the position and movement of the body, the center 

of gravity for a person standing in the anatomical position is generally considered to be located 

near the second sacral vertebra.  

The base of support, sometimes simply referred to as the base, is the two-dimensional area 

between and including the body’s points of contact with a supporting surface – typically the earth 
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(Houglum, 2016, p. 72).  Generally speaking, widening the base of support, as depicted in Figure 

26, increases stability by lowering the center of gravity.  

 

 

Figure 26:  Variations in base of support width, and the effect of the application of a force on 

stability (Houglum, 2016, p. 73) 

2.4.3.3 Motion Analysis 

Human motion analysis typically involves low-level processing to detect and identify joints 

and body segments, applying visual features to the detected elements, and creating a digital 

representation of the body in 2D or 3D (Aggarwal & Cai, 1999).  Common digital representations 

used in motion analysis are the stick figure and the volumetric model, examples of which are in 

Figure 27. 
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Figure 27:  An example of a stick figure representation (left), and a volumetric model (right) as 

used for human motion analysis (Aggarwal & Chi, 1999) 

The motion of body joints—represented by circles in the stick figure model, and by paired 

articulating surfaces in the volumetric model—is key to motion estimation, which is why operators 

often mark these locations with reflective or light-emitting sensors when using electronic motion 

capture systems (Aggarwal & Cai, 1999; Sigal, 2011).  Two-dimensional models (i.e., the stick 

figure) require few parameters to generate and are therefore computationally inexpensive as 

compared to 3D representations of a body (i.e., the volumetric model) (Aggarwal & Cai, 1999).  

However, 2D models are also sensitive to viewing angles during capture (e.g., one limb might 

“hide” behind another in certain postures) (Aggarwal & Cai, 1999).  Despite this limitation, the 

stick figure model will be used throughout this study, as it is capable of adequately representing 

the relative position of limbs and joints in space when a participant is in the interview stance so 

that degrees of trunk rotation, trunk flexion, and knee flexion can be measured. 

2.5 The Use of BWCs in Policing 

The notion of using automated facial recognition in policing has been around since at least 

the early 1970s, and, based on various news articles over the past several years, incorporating this 

technology into police BWCs appears to be a desired feature (Garvie et al., 2016; Kaya & 

Kobayashi, 1972).  As mentioned in section 1.2.3, some police departments in the United States 

have deployed facial recognition technology in one form or another since at least 2011, but precise 
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figures are difficult to come by since law enforcement agencies are not typically forthcoming 

regarding their testing and employment of this type of technology due to privacy and operational 

concerns (Dwoskin, 2018; Garvie et al., 2016; Koebler, 2018).  

 As a policing technology, law enforcement officials in the United Kingdom BWCs were 

first the first to deploy BWCs, circa 2005 ("Cost and Benefits of Body-Worn Camera 

Deployments," 2018; Miller & Tolliver, 2014).  A 2012 partnership between the University of 

Cambridge-Institute of Criminology (United Kingdom) and the Rialto, California, Police 

Department resulted in one of the first known deployments of BWCs in the United States (Miller 

& Tolliver, 2014).  According to the United States Department of Justice, Bureau of Justice 

Statistics, approximately 47% of general-purpose law enforcement agencies in the United States 

had acquired BWCs, and 49-60% of agencies that had acquired BWCs had fully deployed the 

devices (issued them to all sworn officers) as of 2016, as shown in Table 4 (Hyland, 2018).   

Table 4:  BWC deployments, 2016 (adapted from Hyland, 2018)   

Full-Time Sworn Officers with Body-Worn Cameras, by Agency Type, 2016 

  BWCs in service 
 

BWCs to be deployed 

Agency type 

Number of full-

time sworn officers 

in agencies with 

BWCs Number 

BWCs per 100 full- 

time sworn officers* Number 

BWCs per 100 full- 

time sworn officers* 

Overall 414,504 119,399 29 86,377 21 

Local police 304,800 90,149 30 67,535 22 

Sheriff’s office 96,262 28,368 29 17,035 18 

Primary state 13,442 882 7 1,807 13 

Note:  An asterisk (*) denotes a column indicating the number of body-worn cameras (BWCs) divided 

by the total number of full-time sworn officers in agencies that have acquired BWCs, times 100. 

 

With approximately half of law enforcement agencies in the United States employing 

BWCs as of 2016, and a documented interest in incorporating facial recognition capability into 

these devices, this study intends to help bridge the gap between interest and practice regarding the 

incorporation of facial recognition into BWCs. 
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2.5.1 Law and Policy 

Currently, no federal laws govern BWC use in the United States, and state and local laws 

differ from jurisdiction to another.  For example, as of 2018, 14 of the 50 states require consent 

from all parties involved (e.g., a police officer and a citizen speaking with the officer) to video 

record an encounter, whereas the other 36 states only require the consent of one party to record an 

encounter (La Vigne, Ulle, & Erondu, 2018; Miller & Tolliver, 2014).  Nearly all states—New 

Hampshire being the exception—fully or partially exempt police recordings from release through 

public records requests, and 26 states prescribe the length of time BWC recordings must be stored 

(La Vigne et al., 2018).  Finally, as of October 2018, fewer than half of the states (23 of 50) have 

current or pending legislation that dictates where, when, and how BWCs can be used (La Vigne et 

al., 2018).  Figure 28, below, depicts some of the variations in BWC-related legislation from state-

to-state as of late 2018. 

 

 

Figure 28:  Variations in BWC laws by state (La Vigne et al., 2018) 

As with the existence of legislation and policy regarding BWCs, the effectiveness of BWC 

deployment varies by department or agency.  Since 2012, some studies have shown reductions in 

citizen complaints against police officers, as well as reductions in police use-of-force incidents in 

jurisdictions where BWCs are in use, but data from other studies suggests otherwise ("Cost and 

Benefits of Body-Worn Camera Deployments," 2018; Miller & Tolliver, 2014; Wasserman, 2017).  

Despite a lack of consensus on the extent to which BWCs increase transparency and accountability 

in law enforcement, enthusiasm for BWC programs remain high among both police officers and 

citizens due in part to the range of potential benefits from BWC deployments ("Cost and Benefits 

of Body-Worn Camera Deployments," 2018; Miller & Tolliver, 2014). 

In addition to legislative variations by state, BWC policies covering such aspects as 

implementation, data retention, and mounting location may vary substantially from one department 
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to another.  According to Hyland (2018), approximately 86% of law enforcement agencies that 

had acquired BWCs had a formal written policy addressing BWC use in their departments or were 

in the process of developing one.  Of the policies Hyland (2018) examined, 76-87% of them 

addressed specific events that officers should record, and the frequency with which departments 

employing BWCs should transfer, store, and dispose of video recordings.  However, fewer than 

50% of the policies (37-47%) addressed whether law enforcement personnel should inform 

citizens when they were being recorded (Hyland, 2018). 

The LPD BWC policy, for example, is based on example policies from the International 

Association of Chiefs of Police and the Commission on Accreditation for Law Enforcement 

Agencies, Inc. (Bryan [Interviewer] & Wolf [Interviewee]), 2019).  Concerning activation, the 

LPD policy stipulates that “[o]fficers shall activate the BWC to record all contacts with citizens in 

the performance of their official duties” (p. 1), and that whenever possible, officers should inform 

individuals they are being recorded (“Lafayette police department policy 602: Mobile and body 

worn cameras,” n.d.).  Officers are also to record interactions in their entirety unless the interaction 

moves to a location where policy restricts recording (e.g., an encounter with an undercover officer), 

and officers are prohibited from allowing civilians to review recordings on a scene (“Lafayette 

police department policy 602: Mobile and body worn cameras,” n.d.).  The policy clearly addresses 

procedures for when and how to employ BWCs; outlines steps to take if a recording is interrupted 

or terminated early; and provides guidance for discretionary use in medical treatment facilities, 

where privacy and accountability must be balanced (“Lafayette police department policy 602: 

Mobile and body worn cameras,” n.d.).  The LPD policy does not, however, address where on an 

officer’s outer protective vest the BWC should be placed.   

Though not standardized across the department, the officer in charge of LPD’s Defensive 

Tactics Team, Lt. Thomas “Perry” Amos, recommends mounting the BWC in the upper right 

corner of the lower left quadrant of the trunk for a right-handed firer, as shown in Figure 29 (Bryan 

[Interviewer] & Amos [Interviewee]), 2019).   
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Figure 29:  Recommended BWC placement (Bryan [Interviewer] & Amos [Interviewee]), 2019) 

This location provides a good field of view for the camera lens and is also least prone to 

lens obstruction when an officer is in a proper interview stance (Bryan [Interviewer] & Amos 

[Interviewee]), 2019).  Initial results of an in-progress study by Suss et al. (2018) suggest that the 

higher a BWC is placed on an officer’ body, the less lens occlusion occurs, with head-mounted 

BWCs appearing to show the highest percentage of a target (J. Suss, personal correspondence, 

January 11, 2019).  Lt. Amos agreed that head-mounted BWCs provide the best perspective, but 

claimed that many officers dislike this type of BWC due to what he referred to as a “mental block” 

against the form factor (Bryan [Interviewer] & Amos [Interviewee]), 2019).  Additionally, Lt. 

Amos observed that officers are typically “very aware” of the direction their BWC lens is pointing 

and may often position their bodies in a way that they believe will maximize the camera’s field of 

view, even if the body position they assume is not tactically sound (Bryan [Interviewer] & Amos 

[Interviewee]), 2019).  Based on the discussion with Lt. Amos, the researcher selected 

manipulation of an officer’s interview stance for further study. 

2.5.2 Applications to This Study 

A law enforcement officer typically does not orient his or her body in an entirely frontal 

manner when interacting with a citizen.  Police officers on patrol duty frequently interact with 

citizens face-to-face, and one factor that influences the stance an officer adopts relates to potential 

threats associated with an interaction.   
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When conducting a low-threat interaction, officers typically assume what is known as an 

interview stance or a ready stance.  In this stance, an officer stands just out of reach of the 

interactant, which allows the officer to see the interactant’s head and feet without the officer having 

to move his head up or down (Bryan [Interviewer] & Amos [Interviewee], 2019).  Lt. Amos 

described the appropriate distance between the officer and the interactant as “double-arm’s length, 

or approximately 5 feet” (Bryan [Interviewer] & Amos [Interviewee], 2019).  The officer stands 

with his feet shoulder-width apart and the non-dominant foot closer to the interactant than the 

dominant (weapon-side) foot (Bryan [Interviewer] & Amos [Interviewee], 2019).  The officer’s 

knees are slightly bent to distribute weight evenly across the hips and feet for balance, and the 

officer angles (“blades”) his torso with the weapon side to the rear so his shoulders are not squared 

to the subject’s shoulders (Bryan [Interviewer] & Amos [Interviewee], 2019).  Arms are relaxed 

and kept close to the body, with hands kept open and held above waist level to speed reaction time 

(Bryan [Interviewer] & Amos [Interviewee], 2019).  An example of the interview stance is 

depicted in Figure 30, below.   

 

Figure 30:  Interview stance (Bourg, 2011) 

The interview stance also forms the basis for other common policing postures, such as the 

fighting stance, the shooting stance, and the body position an officer adopts when conducting 

traffic stops.   

Facial recognition technology does not currently support wide-ranging variations in subject 

pose or illumination, which can be prevalent in police encounters, so additional research in this 

area is required in order to improve pose-invariant facial recognition accuracy.  Depending on the 

conditions of a scene, a target may be facing an officer directly, but the officer’s body (and thus 
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his BWC) will be angled away from the target.  In other scenarios, an officer may be facing the 

target directly, but a combination of sunlight and shadows illuminates the target’s face 

inconsistently.  In still other situations, the lens of an officer’s BWC may be obscured by his or 

her own arm, which can block video observation of the target’s face.  Due to the commonness of 

the interview stance in police encounters, and to limit the number of variables that could interfere 

with assessing the accuracy of an automated facial recognition system with a BWC, this study only 

manipulates a law enforcement officer’s body position from the interview stance.     
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CHAPTER 3. METHODS  

3.1 Scope 

This study examined the effects of the positioning of a BWC wearer on the performance 

of facial recognition from video.  The intent was to capture the inherent variability of individuals 

executing the same basic movements from a typical starting posture in order to determine how that 

variability affects the quality scores and comparison scores of facial recognition images collected 

using video from a BWC.   

To achieve the intent of the study, the researcher divided efforts into three phases.  Phase 

1 was the collection and analysis of qualitative data from active, sworn law enforcement officers 

regarding their experiences using BWCs, focusing mainly on where officers mounted BWCs on 

their uniforms, the brands and models of BWCs in use then, and whether officers believed a facial 

recognition feature in BWCs would be useful in policing.  Phase 2 collected and analyzed 

quantitative data through the capture of still images of a single facial recognition subject from a 

BWC placed in 1,800 different orientations in order to determine how the position of the BWC in 

space—specifically, the angle of the BWC’s optical axis relative to the subject—affected image 

quality and comparison scores.  Phase 3 expanded upon the findings from Phases 1 and 2, 

collecting facial images of a known target from BWC-wearing law enforcement officers from 

Tippecanoe County, Indiana, as they executed a series of specified movements from the interview 

stance.    

Experiments conducted in Phases 2 and 3 were closed-set scenario tests—where the 

target’s identity was known to the system—using the Neurotechnology facial recognition software 

suite.  Researchers typically conduct technical tests to predict how a given device, algorithm, or 

other biometric system component will perform in a target environment.  By contrast, a scenario 

test is a type of technical test that attempts to replicate the essential aspects of one or more 

operational contexts (i.e., police officer body movements within the interview stance) and assesses 

the biometric system’s performance in that simulated “real world” application (ISO/IEC 30137-1 

(Draft), 2017; ISO/IEC TR 24741 Rev, 2016).   

The purpose of these research phases was to begin bridging the gap between laboratory 

and real-world conditions concerning the effects of a law enforcement officer’s body position and 
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movement on the image quality and comparison scores of a facial recognition-enabled BWC.  The 

timeline for the three phases of research is shown in Table 5. 

Table 5:  Research timeline 

Timeline of Research Tasks 

Dates Actions 

August 2017 – May 2019 Literature review 

Phases 1-3 instrument and protocol development 

May – June 2019 Phase 1 instrument refinement 

Phase 2 protocol and equipment pilot testing and refinement 

June 2019 IRB applications for phases 1 and 2 submitted, approved 

June – August 2019 Phase 1 data collection 

Phase 2 protocol and equipment pilot testing and refinement 

August - September 2019 Phase 2 data collection 

September - November 2019 Phases 1 and 2 data analysis  

October 2019 Phase 3 protocol refinement  

 IRB application for Phase 3 submitted 

November 2019 IRB application for Phase 3 submitted 

November 2019 – January 2020 Phase 3 recruitment and data collection 

January – February 2020 Phase 3 data analysis 

December 2019 – April 2020 Document completion 

3.2 Experimental Phases 

3.2.1 Phase 1:  Survey 

3.2.1.1 Overview 

The purpose of Phase 1 was to collect qualitative data that would inform the parameters of 

the experimental trials in Phases 2 and 3.  The researcher created a custom, 40-question survey 

using Qualtrics software, and prepared and submitted an application for permission to use human 

subjects in research to the Institutional Review Board (IRB) for review and approval (see IRB 

application in Appendix A and survey in Appendix B).  The researcher made the survey available 

for responses from June 24, 2019, to August 31, 2019. 
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3.2.1.2 Recruitment 

The researcher contacted a total of 425 law enforcement departments from 50 states, the 

District of Columbia, and the Department of the Army via direct email or web form on the 

department’s website.   The researcher selected organizations for contact based on pre-existing 

contacts or associations and Internet search results for “[state] and bodycam” or “[state] and 

[fraternal organization].”  Inclusion criteria were that participants were active, sworn law officers 

in good standing within their respective departments.  This population was selected on the grounds 

of professional experience germane to obtaining information critical to the research questions.    

Researcher-requested assistance from participating departments was limited to announcing the 

study during regularly scheduled meetings, hanging or distributing recruitment flyers in visible 

locations within department spaces, and distributing an email announcement of the survey, 

including a hyperlink to the survey, to officers in good standing.  See Appendix A for recruitment 

scripts.  

Of the 425 organizations the researcher contacted, 45 (10.59%) responded to the 

solicitation, and 16 organizations (3.76%) agreed to participate.  Existing research on response 

rates for surveys of law enforcement officers is sparse and inconsistent, and efforts to expand 

understanding of police survey research are new (Nix, Pickett, Baek, & Alpert, 2019).  A study by 

Nix et al. (2019) reviewed survey results published in seven different policing journals over a nine-

year period and found response rates as low as 5.2%.  Citing several barriers to collecting survey 

data from law enforcement officers, especially via Internet-based means, the researchers stated it 

is reasonable to expect low response rates when conducting surveys of police officers (Nix et al., 

2019).     

3.2.1.3 Survey 

The researcher designed the survey to collect data regarding officers’ placement of BWCs 

on their uniforms; officers’ opinions regarding BWC placement; makes and models of BWCs 

currently in use at different departments across the United States; and officers’ opinions as to the 

potential utility of a facial recognition feature in BWCs.  The web-based instrument employed the 

Qualtrics platform as a host, consisted of 40 closed- and open-ended questions, and was estimated 

to take 15 minutes to complete.   Officers who elected to participate in the survey indicated their 
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informed consent by selecting a radio button at the end of the first question of the survey.  Upon 

indicating consent to participate, officers were directed to a series of questions grouped into four 

blocks:  categorization, service,  BWC use, and demographics.  The categorization block included 

questions about officers’ departments (e.g., type, location, and size).  The service block included 

questions about officers’ rank, years of service in law enforcement, and shift schedules.  The BWC 

use block included questions such as whether officers use BWC in their current positions, the 

number of years officers have used BWCs, what makes and models of BWCs officers use, where 

officers mount their BWCs on their uniforms, and officers’ opinions on the utility of a facial 

recognition feature in BWCs.   The demographics block included questions about officers’ age, 

sex, race, and education.  Participants who indicated their duty location as Tippecanoe County, 

Indiana, in the categorization block also saw a fifth block that contained two questions the 

researcher used as a recruitment tool for Phase 3.  The researcher routed the fifth block to a separate 

survey to disassociate potentially identifying information from Tippecanoe County respondents to 

the responses provided in the BWC survey.   See Appendix B for a copy of the survey.     

3.2.2 Phase 2:  Pole Test 

3.2.2.1 Overview 

The purpose of Phase 2 was to collect quantitative data used to examine the effects of 

varied positioning of a BWC on the image quality scores generated from images taken of a single 

biometric facial recognition subject.  In this phase, the researcher attached a BWC to a height-

adjustable tripod with a 2-axis (pitch and yaw) adjustable mount and a 3D-printed bracket.  The 

researcher conducted two separate collections:  the first (Phase 2a) with a single BWC, the Axon 

Body 2, and the second (Phase 2b) with two BWCs, the Axon Body 2 and a commercially available 

BWC by Yuly.  Before each collection, the researcher prepared and submitted an application for 

permission to use human subjects in research to the IRB for review and approval (see Phase 2a 

IRB application and approval in Appendix C, and Phase 2b IRB application and approval in 

Appendix D).  Phase 2a collection took place on August 16, 2019, and Phase 2b collection took 

place on September 8, 2019.  The researcher used each camera in both collections to capture 1,800 

still images of the subject, collecting a total of 5,400 still images across Phases 2a and 2b.  
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3.2.2.2 Phase 2a 

3.2.2.2.1 Pilot Testing 

Significant changes the researcher made over the course of the pilot tests were to the BWC 

used, and to the mount controlling pitch and yaw adjustments.  The researcher purchased an 

inexpensive Yuly BWC from Amazon, Inc., to serve as a placeholder during pilot testing because 

the Axon Body 2 was on backorder; the researcher used this placeholder BWC again in Phase 2b.  

The researcher also tested and rejected multiple 3D-printed brackets and a ball-head tripod mount 

before determining that a two-axis mount (Figure 33) provided the speed and precision required 

for testing.   

3.2.2.2.2 Recruitment 

The researcher recruited a single subject for Phase 2a.  This subject was a white male of 

approximately median height for adult men in the United States (69 inches). 

3.2.2.2.3 Equipment and Setup 

BWC Assembly   

The researcher conducted testing in room B020C, Young Hall, Purdue University.  The 

collection setup consisted of a solid-color background behind the subject’s head, three-point 

lighting, and a movable and adjustable BWC assembly.  A simple sketch of the collection scene is 

in Figure 31; a more detailed version of the scene is in Figure E.1 (Appendix E).  

 

Figure 31:  Simple sketch of collection setup 
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The camera selected for this phase was Axon’s Body 2, model AX1001 (Figure 32), 

operating on firmware version 1.17.106.   

 

Figure 32:  Axon Body 2 BWC (Axon, n.d.-a) 

The researcher chose this camera because it is one of the most widely-used BWCs in the 

United States, with contracts in place for approximately 62% of the 69 major metropolitan police 

departments in the country as of early 2018 (Axon Enterprise Inc., 2018).  Technical specifications 

for the Axon Body 2 are listed in Table 6. 

Table 6:  Technical specifications for the Axon Body 2 BWC (Axon Enterprise Inc., 2016) 

 

 

 The researcher designed the bracket used to join the BWC and the two-axis mount using 

the free, web-based computer-aided design (CAD) software TinkerCAD, and created it with the 

open-source 3D printer slicing software Cura (v4.1.0) and a PrintrBot Simple 3D printer using 

Axon Body 2 Technical Specifications 

Specification  Data 

Dimensions (w x h x d)  2.76” x 3.42” x 1.01” 

Weight  5 oz 

Storage  64 gigabytes 

Recording time  Up to 70 hours 

Battery life  12+ hours 

Field of view  143° 

Video frame rate   Up to 30 fps 

Video resolution  High high definition (HD): 1920 × 1080 pixels 

Low HD: 1280 × 720 pixels (720p) 

High standard definition (SD): 640 × 480 pixels 

Low SD:  640 x 480 pixels (video graphics array) 

Video format  MPEG-4 

Video compression  H.264 
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1.75mm Flashforge PLA filament.  The bracket consisted of a flat-topped and off-center pyramidal 

base with dimensions 41mm wide x 5mm tall x 31mm deep, joined to a rectangular section having 

dimensions 79mm wide x 37mm tall x 31mm deep and a 69mm wide x 30mm tall x 26mm deep 

cutout to hold the BWC.  The researcher placed the bracket base off-center so that the BWC’s 

optical axis would be in line with the yaw degree indicator on the two-axis mount.  The researcher 

mounted the BWC to the bracket using double-sided heavy-duty tape (Gorilla® brand). 

 The researcher attached the two-axis mount, by Uonlytech, to a Slik U6600 adjustable 

tripod using the screw mount at the top of the tripod.  This assembly is shown in Figure 33, below. 

 

Figure 33:  BWC, bracket, and two-axis mount attached to the tripod 

The pitch and the yaw of the two-axis mount could be adjusted using a knob and a lever, 

respectively (see Pole Test Protocol in Appendix C). 
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 Axon Enterprise, Inc., provided a free 90-day trial of its evidence.com cloud-based 

software, which allowed the researcher to “bookmark” individual frames during video capture and 

download marked frames as .jpg files at a later time.  Axon routinely provides free 90-day trials 

of this software to agencies testing its BWCs, and provision of access to evidence.com was not 

made contingent upon the researcher sharing any findings.   

Additional Equipment 

A 4-foot by 4-foot square of material, painted to a flat sheen 18% gray, was clamped to a 

raised crossbar that also held a 5-foot 8-inch tall by 9-foot wide sheet of black fabric.  The black 

fabric created a uniform background behind the gray square, and the researcher placed the gray 

square such that it would be visible behind the subject’s head at all angles.  In between the 

background and the subject, the researcher placed one Impact SP-UM tripod-mounted lamp with 

an Eiko Supreme Photoflood 250-watt incandescent bulb (120 volts, 3200 Kelvin color 

temperature) to illuminate the background and eliminate shadows cast by the lights in front of the 

subject.  The researcher also used two Neewer tripod-mounted lamps with softbox diffusers and 

45-watt compact fluorescent bulbs (110 volts, 5500 Kelvin color temperature) to illuminate the 

subject’s face, placing them 5 feet from the subject at 55° angles.  The height of these lamps, at 

their sockets, was 57 inches from the floor.  An image of the test setup is shown in Figure 34 below; 

the detailed scene diagram is in Figure E.1 (Appendix E). 
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Figure 34:  Phase 2 test setup 

The camera used to capture an enrollment image of the subject was a 16.1-megapixel 

Canon PowerShot ELPH110HS. 

3.2.2.2.4 Procedure 

Prior to the start of data collection, the researcher set the BWC to record in Low HD (720p), 

which is the setting Axon recommends for balancing video quality and storage space (Axon 

Enterprise Inc., 2016).  Next, the researcher disabled the watermark feature, which displays data 

such as recording date and time, so as not to obscure any portion of the subject’s face during data 

collection.  The researcher also enabled the bookmark feature, which allows the user to mark a 

specific event during recording and retrieve it later via evidence.com.  Screen captures of all BWC 

settings used are in Figure E.2 (Appendix E). 

Five minutes before the intended collection start time, the researcher turned on the lights 

in the testing area to allow them to warm up.  While the lights warmed up, the researcher gave the 
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image capture subject a brief overview of the test protocol and a provided a consent form for the 

subject to sign.  The researcher afforded the participant time to read the entire consent form and 

ask questions before assenting to or declining participation.   

Following the subject’s provision of consent, the researcher measured the subject’s height 

(with shoes on) using a 16-foot retractable metal measuring tape.  The researcher then directed the 

subject to stand on taped markers on the ground, indicating left and right foot placement, with toes 

placed on the edges of the marks closest to the BWC assembly.  The researcher verified that the 

distance between the subject’s mark and a plumb bob dropped from the camera’s optical axis was 

three feet.  The researcher then measured the luminance of the scene in front of the subject’s nose 

using a CEM DT-1309 digital illuminance meter (luminance:  612 lux), and visually inspected the 

subject’s face to ensure the lights cast neither hot spots nor shadows upon it. 

The researcher directed the subject to look straight ahead and adopt a neutral facial 

expression, and the researcher captured a reference image using the enrollment camera.  Using a 

three-point lighting setup and the International Civil Aviation Organization’s (ICAO’s) technical 

report on portrait quality as a guide, the reference image was a passport-style photograph in which 

the subject’s head occupied approximately 80% of the frame, with the top of the head and hair, 

both ears, and the neck visible (ISO/IEC JTC1 SC17 WG3, 2018).  The researcher labeled this 

image was labeled with the convention:  [5-digit IRB number]FF_SID_2019MMDD, where FF 

represents the face designator for Neurotechnology’s Face SDK, SID is the three-digit subject 

identification number, MM represents the two-digit month number, and DD represents the two-

digit day. 

While the subject remained in place and maintained a neutral facial expression and gaze, 

the researcher adjusted the camera’s position and captured a series of 200 videos—30 to 60 

seconds each in duration—of the subject.  The researcher captured videos with the optical axis of 

the BWC in a different orientation, at one each of:  five distances (3 feet, 3.5 feet, 4 feet, 4.5 feet, 

and 5 feet) between BWC assembly and subject; 10 heights (37 to 46 inches from the ground) per 

distance; and four pitch angles (0°, 10°, 20°, 30°) per height.  Within each video, the researcher 

marked nine frames—each representing a different camera yaw angle (0°, ±15°, ±30°, ±45°, 

±60°)— using the Function button on the side of the BWC.  See Appendix C for the step-by-step 

procedure the researcher used to capture videos and still images. 
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The researcher selected the height range for the optical axis because it represents the range 

of the approximate height of the mid-torso (62.5% of total height) for a 5th percentile height woman 

(4’11”) to a 95th percentile height male (6’2”) in the United States (Fryar, Kruszon-Moran, Gu, & 

Ogden, 2018; “Proportions of the human figure: How to draw the human figure in the correct 

proportions,” 2016).  The researcher selected the pitch angles tested to take into account how 

officers might bend forward and backward when interacting with a citizen (e.g., leaning over a car 

door at a traffic stop, leaning backward to look up to a citizen on a balcony, squatting to attend to 

a citizen on the ground).  Samples image captures taken at ±50° yaw and ±75° yaw during 

preliminary protocol testing suggested that the yaw angle should not exceed ±60°.  

3.2.2.3 Phase 2b 

3.2.2.3.1 Recruitment 

The researcher recruited a single subject for Phase 2b, a 73-inch tall white male. 

3.2.2.3.2 Equipment and Setup  

The researcher used the same equipment and setup outlined in section 3.2.2.2.3 for Phase 

2b, with the following modifications: 

1. The researcher used the second BWC (Yuly) because it captured high-quality images 

during Phase 2 pilot testing.  The technical specifications for this BWC are in Table 7.  
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Table 7:  Technical specifications for the Yuly BWC 

 

 

 

 

2. The researcher designed and fabricated the bracket used to join the Yuly BWC and the 

two-axis mount with TinkerCAD, Cura (v4.1.0) and the PrintrBot Simple 3D printer 

using 1.75mm Flashforge PLA filament.  The bracket consisted of a flat-topped and 

centered pyramidal base with dimensions 41mm wide x 5mm tall x 31mm deep, joined 

to a rectangular section having dimensions 73mm wide x 38mm tall x 38mm deep with 

63mm wide x 22mm tall x 32mm deep cutout to hold the BWC.  The researcher 

centered the bracket base so that the BWC’s optical axis would be in line with the yaw 

degree indicator on the two-axis mount.  The researcher amounted the Yuly BWC to 

the bracket using double-sided heavy-duty tape (Gorilla® brand).  The Yuly BWC in 

its mount is in Figure 35. 

 

Figure 35:  Yuly BWC in 3D printed bracket 

Yuly BWC Technical Specifications 

Specification  Data 

Dimensions (w x h x d)                     Not provided 

Weight  Not provided 

Storage  32 gigabytes 

Recording time  Not provided 

Battery life  Up to 10 hours 

Field of view  140° 

Video frame rate   Not provided 

Video resolution  Ultra high HD: 2304 x 1296 pixels 

High HD: 1920 × 1080 pixels 

Low HD: 1280 × 720 pixels 

SD:  848 x 480 pixels 

Video format  MPEG-4 

Video compression  H.264 
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3. The researcher changed the lightbulbs in the softbox diffusers from 45-watt compact 

fluorescent bulbs (110 volts, 5500 Kelvin color temperature) to Eiko Supreme 

Photoflood 250-watt incandescent bulbs (120 volts, 3200 Kelvin color temperature) to 

increase the scene illumination. 

4. The researcher also placed two more lights (Impact SP-UM lamps, each with an Eiko 

Supreme Photoflood 250-watt incandescent bulb as described above) on the floor, 

facing the BWC assembly, to increase scene illumination. 

5. Scene illumination, as measured in front of the subject’s nose using the CEM DT-1309 

digital illuminance meter, registered 2400 lux. 

6. The subject recruited for Phase 2b was taller than the subject recruited for Phase 2a, so 

the researcher directed the subject to sit in a chair that the researcher height-adjusted 

such that the sitting height of subject 2b was approximately the same as the standing 

height of subject 2a. 

3.2.2.3.3 Procedure 

The procedure followed in section 3.2.2.2.4 was repeated for Phase 2b, with the following 

modifications:   

1. The researcher conducted the procedure twice; once with the Axon Body 2, and once 

with the Yuly BWC. 

2. The locations of the power button, Event button, and Function buttons were different 

on the Yuly BWC (Figure 36). 

(a)  (b)   (c) 

Figure 36:  Locations of Yuly BWC power (a), Event (b), and Function (c) buttons 

As with the Axon Body 2, the researcher adjusted the Yuly BWC’s settings so that 

video recorded in Low HD (720p).  The researcher could not disable the watermark 

feature, but the watermark’s location in the lower right corner of each image did not 

obscure any portion of the subject’s face.   

3. After approximately 600 images, the lag time between pressing the Function button 

and hearing the sound to indicate an image had been captured had increased from less 

than one second to approximately ten seconds.  Assessing that the camera memory was 

overloaded, the researcher paused collection to fashion a flag that the subject raised 

briefly at each yaw angle for the rest of the collection procedure, and the researcher 
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ceased using the Function button.  The raised flag indicated where a single frame was 

to be isolated from the video during data reduction. 

3.2.3 Phase 3:  In-Person Trials  

3.2.3.1 Overview 

The purpose of Phase 3 was to collect quantitative data to examine how a law enforcement 

officer’s movement within the interview stance affected the image quality and comparison scores 

generated from images taken of a biometric facial recognition subject using a BWC.  In this phase, 

a law enforcement officer mounted the test BWC (Axon Body 2) to his or her uniform in the 

approximate center of the chest.  The researcher directed the officer to assume a comfortable 

interview stance and then conduct a series of movements from within that stance while filming a 

stationary facial recognition target.  The researcher used a separate web camera (webcam) to film 

the officer’s body movements.  Later, the researcher synchronized video data from the webcams 

with video data from the test BWC, and then used an open-source kinematic movement tool to 

show approximate joint angles from the webcam footage as the officer moved.  The researcher did 

not conduct an analysis of the estimated officer body movement speed since it was outside the 

scope of the research questions.  A total of 33 officers and five facial recognition targets 

participated in this phase, yielding 85,560 image frames.        

Before the start of Phase 3, the researcher prepared and submitted an application for 

permission to use human subjects in research to the IRB for approval.  Copies of the IRB 

application and the approval letter are in Appendix F. 

3.2.3.2 Recruitment 

The researcher recruited human subjects aged 18 years and older from within Tippecanoe 

County, Indiana.  The researcher sought two categories of participants:  current law enforcement 

officers to serve as BWC wearers, and civilians to serve as facial recognition targets.  The target 

number of BWC-wearing participants was 35, as a minimum of 32 participants were required to 

achieve a statistical power of 0.8 or greater based on power calculation using a Pearson correlation.  

A total of 38 participants—33 BWC wearers and five facial recognition targets—were recruited 

with the assistance of the LPD, West Lafayette PD (WLPD), and Tippecanoe County (IN) Sheriff’s 

Officer (TCSO) to provide a representative population of law enforcement officers in Tippecanoe 
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County.  The researcher selected the BWC-wearing population on the grounds of professional 

experience germane to obtaining information critical to the research questions.  Recruited officers 

were asked to participate while in duty uniform to accurately capture movement constraints 

imposed by equipment such as an equipment-carrying belt or a protective vest.     

The researcher conducted recruitment primarily through email solicitation and posting of 

flyers in public locations, and did not offer incentives for participation.   

3.2.3.3 Equipment and Setup 

3.2.3.3.1 Bodycam   

The camera used in this phase was Axon’s Body 2, model AX1001, which was also used 

in Phase 2 (see Figure 32).  As with Phase 2, the researcher chose this camera because it is one of 

the most widely-used BWCs in the United States, and it is also because it is used locally; after 

pilot testing three different BWC cameras and systems—Axon Body 2, VIEVU, and BodyWorn—

LPD selected the Axon Body 2 due to its high marks for ease of use, durability, and video quality 

in addition to the department’s familiarity with other policing products from the same parent 

company (Bryan [Interviewer] & Wolf [Interviewee]), 2019).  The TCSO also deploys the Axon 

Body 2 with its deputies.  Technical specifications for the Axon Body 2 are in Table 6. 

3.2.3.3.2 Webcams 

The researcher used two Logitech C910 HD webcams to record the movements of the 

BWC wearers.  One camera was mounted on the ceiling to record trunk rotation in the transverse 

plane, and one was mounted on a tripod and placed to the BWC wearer’s right side to record 

flexion and extension in the sagittal and coronal planes.  The technical specifications for this 

camera are in Table 8. 

  



 

105 

Table 8:  Technical specifications for Logitech webcam (Logitech, 2018) 

Logitech C910 HD Technical Specifications 

Specification Data 

Maximum video resolution 1920 x 1080 pixels 

Frame rate 30 fps 

Digital video format H.264 

Interface USB 2.0 (wired) 

Focus adjustment Automatic 

  

The researcher used the native Camera application in the Windows 10 Education 64-bit 

operating system (v1809), which was running on a Dell Optiplex 7010 with Intel® Core™ i7-3770 

3.40 GHz CPU, to conduct collection with the webcams.  The researcher set the Camera 

application to record with a resolution of 1920 x 1080 pixels (1080p) and capture up to 30 frames 

per second. 

3.2.3.4 Setup 

The researcher conducted testing in room B020C, Young Hall, on the Purdue University 

campus.  

The facial recognition targets stood in front of the same screen and lamp used in Phase 2 

(see Figure 34).  Using a three-point lighting setup and the International Civil Aviation 

Organization’s technical report on portrait quality as a guide, the reference image was a passport-

style photograph in which the subject’s head occupied approximately 80% of the frame, with the 

top of the head and hair, both ears, and the neck visible (ISO/IEC JTC1 SC17 WG3, 2018).  Targets 

faced the east wall of the lab and stood on taped markers on the ground, indicating left and right 

foot placement, with toes placed on the easternmost edges of the marks.  The researcher positioned 

BWC wearers directly beneath the ceiling-mounted Logitech C910 HD Pro webcam such that the 

tops of their heads were in line with the webcam’s optical axis, which was approximately 4 feet 

away from the facial recognition target’s taped foot marks.  The distance between the facial 

recognition target and the BWC wearer was based on the appropriate interpersonal distance 

described in section 2.5.2 (Bryan [Interviewer] & Amos [Interviewee], 2019).  The researcher 

secured a second Logitech C910 HD Pro webcam to a tripod and placed it approximately 7.5 feet 

to the BWC wearer’s right side.  The researcher used the ceiling-mounted webcam to capture 
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movement in the transverse plane (clockwise and counter-clockwise rotation from the hips), and 

used the tripod-mounted webcam to capture movement in the sagittal plane (flexion and extension 

from the hips) and coronal plane (flexion and extension from the knees).  Only one of the two 

webcams operated at a time.  The computer used to control the webcams was located on a desk 

approximately 3 feet behind the BWC wearer.  A scene diagram of the test setup is in Figure G.1 

(Appendix G). 

3.2.3.5 Procedure 

Before starting data collection, the researcher reviewed the BWC’s settings to ensure the 

camera was recording in Low HD (720p) and that the watermark feature was disabled, as in Phase 

2 (see Figure E.2, Appendix E, for settings used).   

Five minutes before the collection start time, the researcher turned on the lights in the 

testing area to allow them to warm up.  Upon entering the lab, the researcher greeted participants, 

gave them a brief overview of the test protocol, and provided them with consent forms 

corresponding to their roles in the study.  The researcher afforded participants time to read the 

entire consent form and ask questions before they assented to or declined participation.  All 

recruited participants assented to participation.  Following the participants’ provision of consent, 

the researcher asked each participant to complete a short demographic form.  Blank copies of the 

consent and demographic forms for BWC wearers and targets are in Appendix F.  

After participants completed their paperwork, the researcher asked the BWC wearers to 

remove the ammunition from their service weapons, and the researcher visually inspected each 

weapon’s chamber to ensure it was clear.  The researcher placed the BWC wearers’ ammunition 

in a small, fireproof safe in a separate room during the test procedure and returned it to the BWC 

wearers as they exited the testing room.  The researcher also asked BWC wearers to remove their 

department-issued BWCs from their vests to prevent interference with proper mounting of the test 

BWC.   

Next, the researcher provided the test BWC to the BWC wearers and asked them to mount 

it with the lens positioned at the center of the lower portion of the sternum body, approximately 

between the fifth and sixth sternal notches (described to the participants as “approximately nipple 

height”).  This location was selected based on the Phase 1 survey result that the center of the chest 

is the most widely-used and widely-preferred mounting location among the officers surveyed.  The 
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researcher had magnetic and single strap Modular Lightweight Load-carrying Equipment 

(MOLLE) RapidLock mounts, Figure 37, available for officers to use. 

 

(a) (b) 

Figure 37:  From left to right, Axon Body 2 magnetic (a) and single MOLLE (b)                 

mounts (Axon, n.d.-b) 

After participants mounted the BWC on their uniforms, the researcher measured the height 

of the BWC lens from the floor by having the participants stand next to a measuring tape affixed 

to the south wall of the lab.  A table of BWC lens height by BWC wearer SID is in Table G.1 

(Appendix G).  The researcher then placed a series of Avery reinforcement labels (referred to as a 

“dot” or “dots”) on the officer’s uniform to serve as anchor points for post-test video marking.  A 

single dot was placed on the portion of the officer’s clothing or equipment nearest each of the 

following anatomical locations:  the posterior surface of the seventh cervical vertebra; the superior 

surface of the left and right acromioclavicular joints; the right tubercle of the iliac crest; the right 

lateral collateral ligament of the knee; and the right lateral malleolus.  After affixing the dots to 

the BWC wearers, the researcher provided a more detailed overview of the test procedure.  This 

overview consisted of an explanation of the movements that the participants would be asked to 

conduct, a demonstration of how each of the movements were to be conducted, and a description 

of the speeds at which participants should conduct each movement.    

The researcher then directed the facial recognition target directed to stand on the marks 

described in section 3.2.3.4, above, and to look straight ahead and adopt a neutral facial expression.  

The researcher used the enrollment camera to capture a single reference image of each facial 

recognition target at the beginning of their first visit.  Next, the researcher measured the luminance 

of the scene in front of the facial recognition target’s nose using a CEM DT-1309 digital 
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illuminance meter, and visually inspected the facial recognition target’s face to ensure the lights 

cast neither hot spots nor shadows upon it.  A table of lux readings by BWC wearer SID is in Table 

G.1 (Appendix G).  The researcher asked the facial recognition target to maintain a forward gaze 

and neutral expression while the BWC wearer completed the movement sequence. 

Next, the researcher directed a BWC-wearing officer to assume an interview stance facing 

the target and activate recording on the test BWC by pressing twice on the camera’s Event button.  

At the same time the BWC wearer began recording, the researcher activated the recording function 

of the appropriate video camera.  As both cameras recorded, the BWC wearer conducted three 

repetitions of a single body movement—once at what the participant considered a slow speed, once 

at what the participant considered a medium speed, and once at what the participant considered a 

fast speed.  The BWC wearers clapped their hands in front of the BWC lens before beginning each 

repetition to provide a video synchronization point, and paused to reset in the interview stance at 

the conclusion of each repetition.  The researcher directed officers to conduct the body movements 

at a self-determined speed, and only until they reached the limits of their comfort or flexibility at 

each extreme before returning to their original comfortable interview stance.  Each BWC-wearing 

participant completed three repetitions of each body movement, with each repetition performed at 

a faster (yet still self-determined) speed than the previous one.   

After the third repetition of each body movement, the researcher directed the BWC wearer 

to deactivate the recording on the test BWC by pressing and holding the Event button until a long 

beep was heard (approximately four seconds).  At the same time, the researcher deactivated the 

recording function on the webcam in use.   The researcher and participants repeated this sequence 

for the remaining two body movements, and the researcher offered both BWC wearers and facial 

recognition targets opportunities between movements to release any accumulated tension as 

needed.  Each of the three body movements the BWC wearers performed is described in sections 

3.2.3.6.1 – 3.2.3.6.3, below.  Following the completion of all nine repetitions, the BWC-wearing 

participant returned the test BWC to the researcher and then collected their belongings (e.g., 

department-issued BWCs, ammunition, loose items such as notebooks or pens).  The researcher 

thanked participants for taking part in the study and dismissed them from the test area. 
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3.2.3.5.1 Trunk Rotation 

 From the interview stance, officers rotated their upper bodies from their waists in a 

clockwise direction, returned to center, rotated their upper bodies from their waists in a 

counterclockwise direction, and then relaxed back into their interview stance in a single continuous 

and controlled motion.  This sequence of events describes one repetition.   

3.2.3.5.2 Trunk Flexion and Extension 

From the interview stance, officers bent forward from their waists, returned to their upright 

position, bent backward from their waists, and then relaxed back into their interview stance in a 

single continuous and controlled motion.  This sequence of events describes one repetition.    

3.2.3.5.3 Knee Flexion and Extension 

From the interview stance, officers bent their knees to lower themselves into a squat, 

returned to their upright position, extended their knees at the top of the return, and then relaxed 

back into their interview stance in a single continuous and controlled motion.  This sequence of 

events describes one repetition. 

3.3 Threats to Validity 

 Similar to the way a biometric system must be designed to achieve a balance between 

accuracy and usability, studies of facial recognition should strive to achieve a balance between 

internal and external validity.  This section outlines threats to validity that have the potential to 

affect experimental results.   

3.3.1 Threats to Internal Validity 

According to Sekaran and Bougie (2016), seven primary factors may affect the internal 

validity of experiments:  history effects, maturation effects, testing effects, selection bias effects, 

mortality effects, statistical regression effects, and instrumentation effects.     

In Phase 1, there are several ways selection bias may have affected survey results.  First, 

the researcher recruited participants through impersonal pitches to Chiefs of Police and Sheriffs 
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whose departments’ contact information was accessible via Internet search engine.  Accessibility 

of contact information limited the number of departments the researcher could contact to solicit 

participation, and the researcher being an unknown entity to the departments contacted may have 

contributed to departments declining to respond to the solicitation as well.  Second, the level of 

involvement from leaders who pledged their departments’ support varied, with some departments 

having as few as one participant and other departments having nearly complete participation.  

Third, characteristics of the departments or the participants themselves, such as motivation or time 

available to participate in a survey, may have affected the response rate.  For example, one 

department that responded to the researcher’s solicitation, but declined to distribute the survey to 

its officers, cited survey fatigue as the primary reason for declining participation, which Nix et al. 

(2019) stated is a common occurrence when studying law enforcement officers.  To mitigate these 

effects, the researcher contacted as many departments as possible during the recruitment phase, 

deliberately contacted departments and organizations with jurisdictions ranging in size from small 

towns to entire states, and sent follow-up correspondence to designated points of contact to recruit 

as many participants as possible.  Some level of mortality effects were inevitable in Phase 1 as 

well, which the researcher accounted for by eliminating from analysis any survey responses that 

fell below a set threshold for completion (see section 4.2.1 for details). 

In Phase 2, history effects, instrumentation effects, and statistical regression effects may 

have threatened the internal validity of this portion of the study.  As noted in section 3.2.2.1, this 

phase was divided into two parts after the first collection attempt produced results that were 

insufficient for analysis by themselves.  The poor results from the first collection also generated 

questions as to whether the test setup was adequate to achieve the desired collection in Phase 3.  

By introducing a second BWC in Phase 2b to understand the unexpected outcome of Phase 2a, 

these effects were accounted for.    

In Phase 3, history and testing effects were the predominant concerns as far as threats to 

internal validity.  Although the researcher provided descriptions and demonstrations of all body 

movements to all BWC-wearing participants, and also invited each of these participants to ask any 

questions they had about how the movement trials were to be conducted, several BWC wearers 

nevertheless made mistakes when conducting movement trials that may have impacted test results.  

Common mistakes included failing to keep their hands out of the way of the BWC lens during 

movements, conducting extra trunk rotations, and pausing between the two components of the hip 
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flexion and extension.  Additionally, facial recognition targets participants occasionally deviated 

from the neutral expressions and straight-forward gazes the researcher asked them to maintain 

during movement trials.  More specifically, facial recognition targets occasionally watched the 

BWC wearers as the BWC wearers conducted their movement trials, rather than continuing to look 

straight ahead during the trials.  The mistakes of both BWC-wearing and recognition target 

participants were noted, but the researcher opted to use all captured frames in the analysis since 

answering the research questions was not contingent upon mistake-free movement trials.  To a 

lesser extent, maturation effects and selection bias effects may also have impacted the results of 

Phase 3.  Concerning maturation effects, BWC-wearing participants in this portion of the study 

ranged in age from early 20s to mid-50s and were predominantly male.  As shown in Table 3, joint 

flexibility varies by age and gender.  However, the burden of the officers’ equipment and their 

personal injury histories (unknown to the researcher) may have prevented them from attaining the 

maximum degree of flexibility they might have otherwise achieved.  These factors suggest that the 

data the researcher collected may have skewed toward a moderate to a moderately low level of 

flexibility among the participants, which may, in turn, have affected how the test BWC captured 

the facial recognition targets’ faces during the movement trials.  Further, the facial recognition 

targets were all male, 80% Caucasian, and their ages ranged from mid-20s to late 60s.  This may 

have affected results in that the selected facial recognition algorithm’s training biases are unknown.  

3.3.2 Threats to External Validity 

The two primary threats to external validity, or the extent to which the results of a 

controlled experiment can be generalized to non-experimental (“real-world”) conditions, are 

interactive testing and selection (Sekaran & Bougie, 2016).  Interactive testing effects are similar 

to the testing effects discussed in section 3.3.1 but are different in that a participant’s reaction to 

the testing is what may affect experimental results  (Sekaran & Bougie, 2016).  When considered 

as a threat to external validity, selection bias effects refer to the fact that recruited participants for 

an experimental study may not share relevant characteristics of interest with the people the study 

participants would encounter in a non-experimental condition (Sekaran & Bougie, 2016).  

Focusing on Phase 3 of this study, both interactive testing effects and selection bias effects have 

the potential to have impacted test results, but the researcher assesses the threats of each as 

moderate.   
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Concerning interactive testing effects, it is possible that officer participants consciously or 

unconsciously attempted to position their bodies in a manner that they believed would result in an 

improved chance of their BWCs detecting the target’s face.  To counteract this potential behavior, 

the researcher informed participants they were not being rated on successful or unsuccessful facial 

recognition, and that they should simply focus on executing the body movements as the researcher 

described.  Additionally, facial recognition targets in a real-world setting are unlikely to be staring 

straight ahead with a neutral expression as the researcher directed them to do in this study.  In a 

real officer-citizen encounter, citizens are more likely to look at an officer’s face (or at whoever is 

talking to or around them in that moment), which would likely result in a non-frontal presentation 

to the BWC depending on where the officer has mounted his BWC.  Additionally, facial movement 

from talking or emotion might also interfere with the processing of a given target’s face if the 

BWC were the sensor in a biometric facial recognition system.  As with the history and testing 

effects that may have affected internal validity, the researcher opted to include all captured frames 

in analysis while noting that any deliberate BWC-wearer body positioning and target facial 

movements included in those captured frames could affect external validity as well. 

In the case of selection bias, any given citizen has the potential to interact with a police 

officer wearing a BWC on any given day, and the population with which a BWC-carrying police 

officer will interact will vary by location.  The facial recognition targets for the BWC videos were 

selected based on convenience, and therefore may not be representative of a diverse population 

with which a police officer might interact, so the results of this portion of the study may not be 

readily generalizable.  Additionally, the researcher recruited law enforcement officer participants 

from a single county—and primarily a single department within that county—in northwest Indiana.  

The demographics, experience level, and physical characteristics of study participants are unlikely 

to be representative of the demographics, experience level, and physical characteristics of other 

departments within Indiana or the rest of the United States, which may also have had an impact on 

the generalizability of the collected data and results. 
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CHAPTER 4. RESULTS 

4.1 Introduction 

The objective of this study was to determine whether a law enforcement officer’s movement 

within the interview stance affected the quality and comparison scores of images captured with a 

BWC the officer might wear.  The researcher conducted the study in three phases:  a survey, a 

collection of still images from a static BWC, and a collection of still images from a BWC mounted 

to a person in motion.  This chapter addresses data and analyses from each phase. 

4.2 Phase 1 – Survey  

 As stated in Chapter 3, the purpose of Phase 1 was to collect qualitative data that would 

inform the parameters of the experimental trials in Phases 2 and 3.  The researcher designed and 

deployed a 40-item survey with Qualtrics software to answer the following questions: 

1. What BWCs are law enforcement officers using and why? 

2. Where do law enforcement officers mount their BWCs and why? 

3. What are law enforcement officers’ feelings toward the utility of a facial recognition 

feature in BWCs? 

4. What are the relationships between officer demographics (e.g., rank, education, years 

of experience, standing height) and the key questions of BWC mounting location and 

perceived utility of facial recognition in BWCs?   

4.2.1 Initial Data Reduction 

A total of 235 respondents initiated the survey, with completion progress ranging from 2% 

to 100%.  The researcher then filtered the results to include only the response sets from persons 

who had completed at least 89% of the survey—through question 4.19, “Why do you believe a 

facial recognition feature in bodycams would or would not be useful?”—because this was the last 

question of critical interest to the researcher.  This left 213 sets of responses for further analysis.  

Of those 213 respondents, 192 (90.14%) completed 100% of the survey, 17 (7.98%) completed 

99% of the survey, one (0.47%) completed 94% of the survey, and three (1.41%) completed 89% 

of the survey.  The dropout rate was 9.36%.   
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Following initial data reduction, the researcher divided further investigation of the data into 

three categories:  demographics, department characteristics, and BWC use. 

4.2.1.1 Demographics 

Of the 213 respondents who completed at least 89% of the survey, 186 (87.32%) were male, 

23 (10.8%) were female, and four (1.88%) declined to provide their genders.  Education levels 

among the respondents ranged from high school graduate (n = 17, 7.98%) to doctoral degree (n = 

2, 0.94%), with the bulk of respondents having completed at least some college (n = 51, 23.94%), 

an associate’s degree (n = 41, 19.25%), or a bachelor’s degree (n = 72, 33.8%).  An additional 26 

respondents had completed a master’s degree (12.21%), and four declined to provide the highest 

level of education completed (1.88%).  Respondents were predominantly white (n = 175, 82.16%), 

with multi-racial participants being the next-largest cohort (n = 11, 5.16%).  Seven (3.29%) 

respondents identified as Hispanic or Latino, six (2.82%) identified as black or African American, 

four (1.88%) identified as Native American or Alaskan Native, four (1.88%) identified as Other, 

two (0.94%) identified as Asian, and four (1.88%) declined to provide their race.  This self-

reported demographic data is in Figure 38. 
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Figure 38: Demographic data on survey respondents 

Additional respondent characteristics regarding rank, years of law enforcement service, 

years in current department, and shift worked are in Figure 39. 
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Figure 39:  Additional survey respondent characteristics 
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4.2.1.2 Department Characteristics 

As stated in section 3.2.1.2, the researcher recruited participants by contacting 425 law 

enforcement departments from 50 states, the District of Columbia, and the Department of the Army.  

Of the 425 organizations the researcher contacted, 16 organizations (3.76%) agreed to participate, 

but only 13 of these 16 organizations returned signed letters of cooperation (see Appendix A for 

copies of the signed letters of cooperation).  However, more than 13 organizations ultimately 

participated in the survey as survey data revealed responses from law enforcement personnel in 15 

states.  One potential reason for these discrepancies is department error, such as failing to return 

signed letters of cooperation due to a high operational tempo or forgetting to acknowledge follow-

up requests for signed letters. Another potential reason for these discrepancies is the easily 

transferrable nature of the anonymous survey link provided to departments (i.e., participants might 

have forwarded the survey to law enforcement personnel in departments the researcher did not 

contact).   

The researcher classified respondent departments according to level and department type.  

Department levels were State (n = 4, 1.88%), County or Municipal (n = 119, 55.87%), City (n = 

82, 38.5%), and Other, such as university or special purpose departments (n = 8, 3.76%), whereas 

department types were Police Departments (n = 114, 53.52%), Sheriff’s Offices (n = 96, 45.07%), 

and Public Safety departments such as highway patrol (n = 3, 1.41%).  Data regarding department 

characteristics are in Figure 40. 
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Figure 40:  Department characteristics among survey respondents 

4.2.1.3 BWC Use 

The majority of respondents (n = 195, 91.55%) reported that they or their departments 

currently use BWCs.  Although only 195 respondents stated that they or their departments 

currently use BWCs, six respondents reported using more than one BWC in the course of their 
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duties, resulting in 200 camera makes, models, or both being provided.  Further, some respondents 

provided both a make or brand name and a model, whereas others provided only a brand name or 

only a model name.  As a result, only BWC brand names were considered for analysis.  When a 

respondent did not provide the BWC brand, the researcher conducted Internet searches with the 

keywords “[model] and bodycam” to determine the make to which the respondent was referring.  

In some cases, respondents provided a legacy name for a camera make that has since been 

rebranded (i.e., Taser, Inc., rebranded as Axon in 2017 (Nellis, 2017)); in these cases, the current 

make name was used. 

Of the 200 responses for camera makes and models currently in use, Axon was the most 

popular brand (n = 106, 53.0%), followed by BodyWorn (n = 33, 16.5%), Getac (n = 31, 15.5%), 

and Watchguard (n = 14, 7.0%).  Brands reported five times or less were Panasonic (n = 5, 2.5%), 

VieVue (n = 5, 2.5%), Coban (n = 1, 0.5%), and Wolfcom (n = 1, 0.5%), and four respondents 

(2.0%) were not sure which brands they used (Figure 41). 

 

Figure 41:  BWC use among survey participants 

4.2.2 Secondary Data Reduction 

Multiple questions within the survey provided respondents with blank spaces for free text 

entries or asked respondents to click on an image to provide a response.  How the researcher 

reduced and analyzed responses to these questions is divided into three sections:  BWC preference, 

mounting locations, and facial recognition in BWCs. 
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4.2.2.1 BWC Preferences 

Among the 213 surveyed law enforcement officers whose responses were analyzed, 58 

(27.23%) indicated they had a preferred make, model, or both of BWC.  Of the 58 respondents 

who indicated a preferred BWC, Axon was the most commonly-cited brand (n = 35, 60.34% of 

those with a preference), followed by BodyWorn (n = 12, 20.69%), Watchguard (n = 5, 8.62%), 

Getac (n = 2, 3.45%), Panasonic (n = 2, 3.45%), Point of View (n = 1, 1.72%), and Revel (n = 1, 

1.72%).  As in section 4.2.1.3, the researcher only considered BWC brand names for analysis due 

to inconsistencies in respondent data entry methods.   

To analyze the free text responses provided to question 4.17 (why officers preferred a 

particular BWC), the researcher compiled the responses in a Microsoft Excel spreadsheet and 

reviewed them for common themes.  The researcher devised a list of five themes and assigned a 

two-letter code to each theme.  Since the responses to this question were not essential to answering 

the research questions in section 1.2.2, the researcher worked alone to assign one or more codes to 

each of the 58 responses provided.  A copy of the researcher’s spreadsheet of responses and codes 

is in Appendix H. 

A frequency table of the themes that emerged from the data review, the codes assigned to 

those themes, and the number of times each theme appeared in the response data is in Table 9. 

The sums of the frequencies and percentages are greater than 58 and 100%, respectively, 

because the researcher may have assigned multiple codes to a single provided response. 
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Table 9:  Themes and codes associated with BWC preferences 

Frequency Table of BWC Preferences  
  

Theme (code) Meaning Frequency % 

Quality (QU) Refers to how well-built or reliable the 

device is; able to withstand rigors of law 

enforcement duties 

 27 46.55% 

Technology (TE) Includes references to device capabilities, 

back-end software, and tech support 

 23 39.66% 

Ease of use (EA) Refers to efficiency, satisfaction with 

which user can employ the device as 

intended by the manufacturer 

 19 32.76% 

Other (OT) Any reason that does not fit within 

another theme  

 11 18.97% 

Price (PR) Relating to device cost or perceived 

value 

 2 3.45% 

Unusable response 

(UR) 

Intent could not be discerned; incomplete 

or otherwise unusable 

 2 3.45% 

 

 To provide an understanding of participant responses and the codes they were assigned, 

the following examples are given (all [sic]): 

 

 “It's compact, easy to use, has a great field of view as well as great audio. I also like the 

evidence collection/preservation that AXON provides. At the end of my shift, I dock my 

camera and the video downloads to the AXON servers. I can watch my video's at any time 

but cannot edit or delete them - this feature is great because it eliminates doubt from the 

public or an over zealous defense attorney from saying that I have edited my body worn 

camera footage.”  Codes assigned:  EA, QU, TE 

 

 “Can take off of mount and point towards area to be recorded.”  Code assigned:  OT 

 

 “Holds up better and less money”  Codes assigned:  QU, PR 

 

 “because”  Code assigned:  UR 

 

Aligning BWC brands with the reasons officers preferred them, respondents cited Axon 

for quality 18 times, ease of use 14 times, technology 11 times, other reasons seven times, and 

price once, plus two unusable responses.  For the BodyWorn brand, officers cited technology seven 

times, quality and ease of use three times each, and other reasons twice.  Respondents cited the 

Watchguard brand four times for technology, and once each for quality, ease of use, and other 

reasons.  With Getac BWCs, officers cited quality twice and price once.  Respondents cited the 
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Panasonic brand for quality twice, and ease of use and technology once each.  Officers preferred 

the Point of View brand for other reasons, and the Revel brand for quality. 

4.2.2.2 Mounting Locations 

Survey items about past, current, required, and ideal BWC mounting locations asked 

participants to indicate their selections by clicking on the region of a provided image that best 

matched the chosen BWC mounting location.  A blank version of this image, which the researcher 

created using Microsoft PowerPoint to add blue rectangles representing 14 different BWC 

mounting locations to a clip art silhouette of a human body from the hips up (“Body outline 

#1660378 (clip art),” n.d.), is in Figure 42.   

 

Figure 42:  Blank silhouette with BWC mounting location selection boxes  

The survey gave participants who indicated they had used a BWC in a previous duty 

position or department (n = 95, 44.6%) the option to make up to five selections as to where they 

had mounted their BWCs in the past, resulting in a total of 158 selections made in response to this 

question.  For participants who indicated they use a BWC in their current positions (n = 159, 

74.65%) the survey asked them to select the one location where they mount their BWCs, yet only 

158 of these participants made a selection as to where they currently mount their BWCs.  The 

survey also asked participants whose departments employ BWCs and whose departments or BWC 

form factors dictate where the BWC is to be mounted (n = 103, 48.36%) to select the one required 



 

123 

mounting location their departments require.  Finally, the survey asked all participants—regardless 

of whether they or their departments employ BWCs—to indicate the one location that they 

believed to be ideal for capturing officer-citizen interactions; compliance with this request was 

100% (n = 213).  Heat maps showing the results of these selections are in Figure 43a-d, 

respectively, where a red color indicates a higher concentration of selections and a purple color 

indicates a lower concentration of selections.  Participant selections related to Figure 43 are in 

Table 10. 

(a)  (b) (c) (d) 

Figure 43:  Participant responses regarding past (a), current (b), required (c), and ideal (d)         

BWC mounting locations 

For quantification and analysis, the researcher assigned each box a two-letter code to 

indicate its location on the body (Figure 44a).  Next, the researcher determined the approximate x- 

and y-coordinates of the four corners of each blue box with the assistance of Microsoft Paint, and 

created a reference grid (Figure 44b) to aid in quantifying participant responses.   
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(a) (b) 

Figure 44:  Silhouette with BWC mounting location codes and legend (a), and reference grid for 

quantifying participant responses on BWC mounting locations (b) 

For participant responses whose x- and y-coordinates fell outside the boundaries of any 

selection boxes, the researcher assigned the selection to the nearest box and marked it with an 

asterisk to indicate a potentially erroneous response.   

 Results showed that a center chest-mounted BWC was the most popular location among 

surveyed officers for past (n = 46, 29.11%), current (n = 86, 54.43%), required (n = 76, 73.79%), 

and ideal (n = 93, 43.66%) mounting locations.  In contrast, the belly area was the least popular 

among surveyed officers for past (n = 8, 5.07%), current (n = 3, 1.90%), required (n = 0, 0.00%), 

and ideal (n = 6, 2.97%) mounting locations.    The head showed the greatest variation in  

popularity among surveyed officers, with only three officers having mounted a BWC on their 

heads in the past (1.90%), one currently mounting a BWC on the head (0.63%), and zero 

required to mount a BWC on the head,  yet 27 (12.68%) believing the head to be the most ideal 

BWC mounting location.  A complete summary of responses for past, current, required, and ideal 

BWC mounting location is in Table 10.
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Table 10:  Summary of BWC mounting location preferences as indicated by survey participants 

Past, Current, Required, and Ideal BWC Mounting Location Preferences 

 
Past Mounting 

Location 

Current Mounting 

Location 

Required Mounting 

Location 

Ideal Mounting 

Location 

Location n % n % n % n % 

Center head 0 0% 0 0% 0 0% 7 3.29% 

Right temple 2 1.27% 1 (1†) 0.63% 0 0% 13 6.10% 

Left temple 1 (1†) 0.63% 0 0% 0 0% 7 3.29% 

Right shoulder 13 8.23% 3 (2†) 1.90% 2 1.94% 5 2.35% 

Left shoulder 5 3.16% 1 0.63% 0 0% 2 0.94% 

Top chest 38 24.05% 32 20.25% 21 (3†) 20.39% 64 (1†) 30.05% 

Right chest 15 9.49% 8 (1†) 5.06% 2 1.94% 7 (1†) 3.29% 

Left chest 23 (1†) 14.56% 16 (1†) 10.13% 2 1.94% 5 2.35% 

Center chest 46 (5†) 29.11% 86 (3†) 54.43% 76 (3†) 73.79% 93 (3†) 43.66% 

Right ribs 4 2.53% 3 (2†) 1.90% 0 0% 0 0% 

Left ribs 3 1.90% 5 3.16% 0 0% 4 (1†) 1.88% 

Center belly 3 1.90% 2 (1†) 1.27% 0 0% 5 (1†) 2.35% 

Right belly 2 1.27% 0 0% 0 0% 0 0% 

Left belly 3 1.90% 1 0.63% 0 0% 1 0.47% 

Totals 158 100% 158 100% 103 100% 213 100% 

Note:  A number in parentheses with a dagger (n†) indicates the number of selections within that category that 

were outside the bounds of the selection box but that the researcher judged as intended for that selection box.  

These numbers are not additions to the total in that category. 
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As in section 4.2.2.1, the researcher compiled the free text responses provided to question 

4.13 (why respondents held their selected opinions regarding the ideal mounting location for a 

BWC) in a Microsoft Excel spreadsheet and reviewed them for common themes.  The researcher 

devised a list of eight themes and assigned a two-letter code to each theme.  A three-person team, 

consisting of the researcher and two assistants, individually coded each response and the researcher 

compiled the results of each rater’s coding.  Responses where raters disagreed were highlighted, 

and all three raters discussed differences in coding until reaching a consensus for each response.  

A copy of the researcher’s spreadsheet of responses and codes is in Appendix I. 

The frequency table of the researcher’s themes, the codes the researcher assigned to those 

themes, and the number of times each theme appeared in the response data is in Table 11.  The 

sums of the frequencies and percentages are higher than 213 and 100%, respectively, because the 

researcher may have assigned multiple codes to a single provided response. 

Table 11:  Themes and codes associated with officer opinions  

regarding ideal BWC mounting location 

Frequency Table of Opinions on Ideal BWC Mounting Location  
  

Theme (code) Meaning Frequency % 

Field of view (FV) Related to the portion of a scene visible to 

the camera; no/few lens obstructions 

 103 48.36% 

Perspective (PE) Related to seeing what an officer sees; 

visible to citizens or attracts the eye 

 46 21.6% 

Center of mass (CM) Refers to centrality or neutrality of the 

camera’s position on the body 

 36 16.9% 

Officer comfort (OC) Related to form factor or ease of 

attachment; does not interfere with other 

equipment; stability; safety 

 23 39.66% 

Unusable response (UR) Intent could not be discerned; incomplete 

or otherwise unusable 

 21 9.86% 

Height differential (HT) Refers to a difference in height between 

officer and citizen; may be influenced by 

officer body position 

 10 4.69% 

Other (OT) Any reason that does not fit within another 

theme; habit or preference 

 9 4.23% 

Not sure (NS) Stated uncertainty as to why the selected 

mounting location was preferred 

 1 0.47% 

Note:  The percentages listed are based on the number of respondents (e.g., 103 “FV” responses ÷ 

213 respondents = 48.36%). 
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To provide an understanding of participant responses and the codes they were assigned, 

the following examples are given (all [sic]): 

 

“I am tall, and this location captures the hands of the subjects I deal with, as well as most 

of their faces.”  Codes assigned:  HT, FV 

 

“Middle of my body and less movement from side to side.”  Codes assigned:  CM, OC 

 

“When an officer is in a deadly force situation and they go into a shooting stance, their 

arms and shoulders often block the view even when it is shoulder mounted. Most 

departments wear cameras on their chest which is even worse when the officer is in a 

shooting stance. The reason a head mount is better is because the camera is more likely to 

see what the officer is looking at. On a body mount the camera is facing the way the torso 

is facing even if the officer is looking to the left ot right of the camera direction.”  Codes 

assigned:  PE, FV 

 

 “Personal best choice”  Code assigned:  OT 

4.2.2.3 Facial Recognition in BWCs 

The literature-based supposition that a facial recognition feature in BWCs would be a 

desired feature among law enforcement officers, posed in section 2.5, was supported by survey 

results (Figure 45).  When asked whether a facial recognition feature in BWCs would be useful, 

respondents were mostly supportive, with nearly 71% answering “definitely yes” (n = 79, 37.09%) 

or “probably yes” (n = 72, 33.8%).  Forty-nine respondents (23%) were undecided as to the utility 

of such a feature, and the remaining 13 did not believe facial recognition in BWCs would be useful, 

with 11 (5.16%) responding “probably no” and two (0.94%) responding “definitely no.”   
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Figure 45:  Respondent opinions regarding the utility of a facial recognition feature in BWCs 

As in sections 4.2.2.1 and 4.2.2.2, the researcher compiled the free text responses provided 

to question 4.19 (why respondents held their selected opinions regarding the usefulness of a facial 

recognition feature in BWCs) in a Microsoft Excel spreadsheet and reviewed them for common 

themes.  The researcher then devised a list of 10 themes and assigned a two-letter code to each 

theme.  A three-person team, consisting of the researcher and two assistants, individually coded 

each response and the researcher compiled the results of each rater’s coding.  Responses where 

raters disagreed were highlighted, and all three raters discussed differences in coding until reaching 

a consensus for each response.  A copy of the researcher’s spreadsheet of responses and codes is 

in Appendix J. 

The frequency table of the researcher’s themes, the codes the researcher assigned to those 

themes, and the number of times each theme appeared in the response data is in Table 12.  The 

sums of the frequencies and percentages are higher than 213 and 100%, respectively, because the 

researcher may have assigned multiple codes to a single response. 
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Table 12:  Themes and codes associated with officer opinions regarding utility of a facial 

recognition feature in BWCs 

Frequency Table of Opinions on Facial Recognition in BWCs  
  

Theme (code) Meaning Frequency % 

Identify persons (ID) Refers to determining who a person is  119 55.87% 

Another tool (AT) Refers to ways in which such a feature 

might be useful beyond identification 

and/or verification 

 41 19.25% 

System concerns (SC) Relating to perceived system speed, 

connectivity, reliability, or composition; 

video quality 

 39 18.31% 

Verify persons (VE) Refers to determining whether a person 

is or is not who they claim to be 

 25 11.74% 

Unusable response (UR) Intent could not be discerned; 

incomplete or otherwise unusable 

 24 11.27% 

Not sure (NS) Stated uncertainty as to utility of a facial 

recognition feature 

 13 6.1% 

Officer safety (OS) Refers to ways in which such a feature 

might offer protection to officers 

 13 6.1% 

Cost concerns (CC) Relating to assumed cost or perceived 

value 

 6 2.82% 

Legal/policy concerns (LP) Refers to statements about the potential 

legality of such a system, or whether the 

system would violate current policies 

 4 1.88% 

Privacy concerns (PC) Relating to concern for the privacy of 

citizens during interactions with law 

enforcement 

 4 1.88% 

Note:  The percentages listed are based on the number of respondents (e.g., 119 “ID” responses ÷ 

213 respondents = 55.87%).   

 

To provide an understanding of participant responses and the codes they were assigned, 

the following examples are given (all [sic]): 

 

“For violent suspects who flee before their name is gathered. Subjects who give false 

names.”  Codes assigned:  ID, VE 

 

“We interact with so many people on a daily basis that may have warrants or other officer-

safety information of which we should be aware. With facial recognition, we could be 

alerted to this information in a more timely manner and thus prevent more officer 

injuries/deaths. Additionally, this would be a good investigative tool for verifying persons 

who were present at chaotic incidents involving many people.”  Codes assigned:  OS, ID, 

VE, AT 
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 “Court Challenges, Big Brother, after recording notifications”  Codes assigned:  LP, PC 

 

“if connected to network could aid in officer safety updates, wanted subject id etc. with 

live feed”  Codes assigned:  OS, ID, SC 

 

“Only thing I can think of that would make it worthwhile would be that if you had 

somebody that lied about their identity, you could watch the body cam later and it may be 

able to tell you who the person is.  But that's such a small minority of our contacts with the 

public that it almost doesn't seem worthwhile.”  Codes assigned:  ID, VE, CC 

 

“As with most things, there's not an absolute solution. I think it will certainly be beneficial 

in certain circumstances but I can also see it being a hindrance if you're recording and aren't 

specifically wanting to focus on someone's face (weapon, hands in pockets, etc...)”  Code 

assigned:  NS 

 

4.2.3 Statistical Analysis 

The researcher derived null and alternate hypotheses from the framing questions presented 

in section 4.2: 

𝐻0 =  there is no relationship between X and Y, 𝑝 ≥  0.05 

𝐻𝑎 =  there is a relationship between X and Y, 𝑝 < 0.05 

 For the above hypotheses, the researcher defined the dependent variable X as the ideal 

BWC mounting location when analyzing data concerning question 4.13, and as the opinion on 

whether a facial recognition features in BWCs would be useful when analyzing data concerning 

question 4.19.  The researcher defined the independent variable Y depending on which data were 

being analyzed:  age, department type, whether department uses BWCs, highest level of education 

completed, rank, shift worked, or whether BWCs are used in current position.  The researcher used 

an alpha level of  = 0.05 for all statistical tests. 

The researcher coded for input to SPSS the responses for the variables ideal BWC 

mounting location, opinion on whether a facial recognition feature in BWCs would be useful, 

officer age, department type, whether department uses BWCs, the highest level of education 

completed, rank, shift worked, and whether BWCs are used in current position.  Next, the 

researcher used SPSS to create a series of contingency tables to summarize the relationships 

between the dependent and independent variables (see Appendix K, Tables K.1 through K.14).   

With each table having multiple cells containing observed and expected values less than 

five and therefore being unsuited to a chi-square test for association, the researcher condensed the 
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number of categories within each variable to a maximum of three per variable in order to conduct 

tests of association using the Fisher-Freeman-Halton test for unordered r x c contingency tables 

(see Appendix K, Tables K.15 through K.19).  The researcher conducted these tests using the Real 

Statistics Resource Pak add-in, installed in Microsoft Excel 2016.  Please see section 5.1.1.1 for a 

brief discussion of the limitations of this approach. 

There was a statistically significant association between opinion on ideal BWC mounting 

location and department type, p = 0.05.  Therefore, the null hypothesis for this pairing could not 

be rejected (α = 0.05).  Examining the observed and expected values within the r x c table (see 

Appendix K, Table K.20) showed that officers in Public Safety departments (e.g., Highway Patrol, 

special-purpose departments such as University Police) were more likely than officers in Police 

Departments or Sheriff’s Offices to believe mounting a BWC on the head would be an ideal 

location for recording encounters with citizens.  The effect size for this finding, Cramér’s V, 

however, was weak, p = 0.16.  No other association test results showed a statistically significant 

relationship between variables.  Complete results for the Fisher-Freeman-Halton and Cramér’s V 

tests conducted are in Table 13. 
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Table 13:  Tests of association between independent and dependent variables 

Results of Fisher-Freeman-Halton and Cramér’s V Tests  

Dependent Variable Independent Variable p Cramér’s V 

Ideal BWC Mount Location Age 0.38 0.10 

 Department Type   0.05*   0.16† 

 Department Uses BWCs? 0.31 0.09 

 Education 0.60 0.09 

 Rank 0.44 0.44 

 Shift 0.76 0.76 

 Uses BWC in Current Position 0.61 0.07 

Facial Recognition in BWCs Useful? Age 0.31 0.11 

 Department Type 0.62 0.08 

 Department Uses BWCs? 0.38 0.10 

 Education 0.21 0.12 

 Rank 0.29 0.11 

 Shift 0.84 0.05 

 Uses BWC in Current Position 0.25 0.11 

*p ≤ 0.05 

Note: Values associated with a statistically significant Fisher-Freeman-Halton Exact test result 

are denoted with a dagger (†) 

4.3 Phase 2 – Pole Test  

The purpose of Phase 2 was to collect quantitative data to inform the parameters of the 

experimental trials in Phase 3.  Following the initial data collection with the designated test BWC 

(Axon Body 2), the researcher conducted a second data collection using the same procedure with 

both the Axon Body 2 and a second BWC (Yuly); these collections are termed Phase 2a and Phase 

2b, respectively.  The hypotheses for this phase were as follows: 

𝐻1 =  as distance between BWC and subject increases, image quality score will decrease 

𝐻2 =  as BWC lens height increases, image quality score will increase 

 𝐻3 =  as BWC yaw angle increases, image quality score will decrease 

𝐻4 =  as BWC pitch angle increases, image quality score will decrease 
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4.3.1 Initial Data Reduction, Phase 2a 

Upon completion of data collection, the researcher transferred the 200 BWC videos and 

1,800 marked frames contained therein from the Axon BWC to the researcher’s account on 

evidence.com via the Axon Evidence Sync desktop application, v.3.15.104.  A brief power outage 

interrupted the transfer process, resulting in the loss of the markers for still frames for 116 of the 

200 videos.  The power outage did not alter the integrity of the video files; the only consequence 

was that the researcher had to review the 116 affected videos and manually capture the nine marked 

frames per video that would otherwise have been saved automatically as individual, single-frame 

image files.  In addition to the 1,044 frames the researcher manually captured, the 756 individual 

images stored on evidence.com were downloaded and saved.   

The researcher assessed the quality of each of the 1,800 still images files using the 

SimpleFaces program in Neurotechnology’s Face SDK.  Of the 1,800 images the researcher 

submitted to the software, 49 (0.03%) returned quality scores, and the quality scores returned 

ranged from 0 to 10 on a scale of 0 to 100 (a higher score indicates better image quality).   

4.3.2 Initial Data Reduction, Phase 2b 

Following the completion of data collection, the researcher transferred the 200 BWC 

videos and 1,800 still image frames captured with the Axon BWC in Phase 2b from the BWC to 

the researcher’s account on evidence.com via the Evidence Sync application, then downloaded and 

saved the files.  The researcher also transferred the 200 BWC videos and first 600 still images 

captured with the Yuly BWC from the BWC to a CPU with a USB cable.  The researcher isolated 

the remaining 1,200 still images captured with the Yuly BWC using the native Photos application 

in Windows 10 (see section 3.2.2.3.3, step 3, for the reason this step was required). 

Once the researcher had downloaded and saved all still images, each image file was named 

with the convention [5-digit IRB number]FF_SID_dd_HH_PP_YYY_CAMM, where FF 

represents the face designator for Neurotechnology’s Face SDK, SID is the three-digit subject 

identification number, dd represents the distance between camera and subject in inches, HH 

represents optical axis height in inches, PP represents pitch angle in degrees, YYY represents yaw 

angle in degrees (e.g., P15 or 015 for +15°, N15 or 345 for -15°), and CAMM represents the 

camera used (AXON or YULY).   
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The researcher then assessed the quality of each of the 3,600 still images using the 

SimpleFaces program in Neurotechnology’s Face SDK.  Of the 3,600 images submitted to the 

software, 914 (25.39%) returned quality scores.  Of the 914 images returning quality scores, 293 

(32.06% of images returning quality scores; 16.28% of images submitted for quality analysis) were 

captured using the Axon BWC, and 621 (67.94% of images returning quality scores; 34.50% of 

images submitted for quality analysis) were captured using the Yuly BWC.  Quality scores 

returned ranged from 0 to 11 for the Axon BWC and 0 to 51 for the Yuly BWC (scale of 0 to 100; 

a higher score indicates better image quality).   

4.3.3 Statistical Analysis, Phases 2a and 2b 

4.3.3.1 Initial Analysis 

First, the researcher combined the two .csv files containing the output from Phase 2a and 

Phase 2b quality analysis into a single Microsoft Excel 2016 spreadsheet.  The researcher then 

created separate columns for the camera used (Axon_AUG, Axon_SEP, Yuly_SEP), the distance 

between BWC and subject, the BWC height, the BWC pitch, the BWC yaw, and the quality score.  

Next, the researcher constructed simple main effects plots in Excel (Figure 46) from the descriptive 

means of the image quality scores for each independent variable to make an initial assessment of 

how each element of BWC position (i.e., distance, height, pitch, yaw) affected the image quality 

scores.    
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 Figure 46:  Simple main effects plots for individual elements of BWC position on quality score 
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Visual inspection of the plots in Figure 46 suggested several possible interpretations of the 

data the researcher collected.  First, the Yuly camera appeared to produce better-quality images 

than the Axon camera in both Phase 2a and Phase 2b.  Second, image quality appeared to improve 

when the distance between BWC and subject was 54 inches and 60 inches, and an interaction of 

some type appeared to have occurred when the researcher increased the distance between the Yuly 

BWC and the subject from 48 inches to 54 inches.  Third, BWC height did not appear to affect 

image quality.  Fourth, image quality appeared to improve as the researcher increased the pitch of 

the Yuly BWC, but not when the researcher increased the pitch of the Axon BWC.   Finally, image 

quality appeared to decline sharply when the researcher moved the Yuly BWC beyond +/-15 yaw, 

and continued to decline when the researcher moved the Yuly BWC beyond +/-30 yaw.  However, 

image quality did not appear to change substantially when the researcher adjusted the yaw angle 

of the Axon BWC.  The researcher explored these potential findings further with secondary 

analysis. 

4.3.3.2 Secondary Analysis 

To further investigate the effects of the BWC position on image quality, the researcher 

conducted a factorial analysis of variance (ANOVA) using the Univariate General Linear Model 

procedure in SPSS 26.0 to determine how BWC model, distance, height, pitch, and yaw affected 

image quality scores.  Available data were insufficient to run a full factorial model or a model 

containing four-way interactions.  Thus, the researcher limited analysis to a model that considered 

multiple three-way interactions and below.  Data were non-normal, as assessed by visual 

inspection of boxplots depicting image quality scores by variable, so the researcher applied a 

square root transformation to the dependent variable (image quality scores) to compensate for 

moderately positively skewed data and reduce the presence of outliers.  The boxplots depicting 

quality scores by variable are in Figure 47; pre-transformation plots are on the left and post-

transformation plots are on the right.     
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Figure 47:  Boxplots of quality score by variable, pre-transformation (left) and post-transformation (right) 
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 A Levene statistic could not be computed at this level, therefore the researcher assumed 

the variances were non-homogenous.  Visual inspection of the plot of studentized residuals and 

the predicted values for image quality scores showed evidence of heteroscedasticity, or unequal 

variance of one variable (i.e., image quality scores) across the range of values for a predictor 

variable (e.g., BWC lens height) (Chegg Inc., 2020).   The square root transformation applied to 

the dependent variable (image quality scores) reduced the inequality of variance but did not render 

homogeneity.  The GG plots depicting studentized residuals and the predicted values for image 

quality scores are in Figure 48; the pre-transformation plot is on the left and the post-

transformation plot is on the right. 

 

Figure 48:  GG plots to assess heteroscedasticity within data,                                                     

pre-transformation (left) and post-transformation (right) 

 Although input data were non-normal and over-dispersed due to the high percentage of 

missing data (i.e., no quality scores returned at a given position) and zero-inflation (i.e., of the 962 

quality scores returned, 155 (16.11%) of the scores were exactly 0), the researcher determined the 

factorial ANOVA was adequate to make general inferences about how the covariates may have 

interacted to affect image quality scores.  Consequently, the results of these tests may not be 

reliable or generalizable.     

Of the ten three-way interactions the model generated, there were two significant three-way 

interactions at the α = 0.05 level:  the interaction of BWC model, distance to target, and BWC lens 

pitch yielded an F ratio of F(8, 153) = 2.70, p < 0.01; the interaction of BWC model, BWC lens 

pitch, and BWC lens yaw yielded an F ratio of F(11, 153) = 3.02, p = 0.001.  The first significant 

three-way interaction indicates that the effect of BWC model on image quality scores depended 

on the states of the BWC distance to target and BWC pitch variables.  The second significant three-
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way interaction indicates that the effect of BWC model on image quality scores depended on the 

states of the BWC pitch and BWC yaw variables.  See Appendix L, Table L.1, for the three-way 

ANOVA table.   

4.3.3.2.1 Simple Two-Way Interaction Effects 

The researcher followed the finding of two statistically significant three-way interactions 

with exploration of simple two-way interactions.  The researcher conducted a series of two-way 

ANOVAs using the error term to six decimal places (SS = 62.443510) and the degrees of freedom 

(df = 153) from the three-way ANOVA conducted in section 4.3.3.2.  The first procedure examined 

the interaction of the distance and pitch variables, and the second procedure examined the 

interaction of the distance and pitch variables; the output for both procedures was split by BWC 

model.  See Appendix L, Figure L.1, for the syntax the researcher used to execute the two-way 

ANOVA procedures. 

The simple two-way interaction between BWC distance and pitch was statistically 

significant at the α = 0.05 level for both the Axon and Yuly BWCs.  The Axon_AUG images 

yielded an F ratio of F(6, 153) = 2.22, p = 0.04; the Axon_SEP images yielded an F ratio of F(8, 

153) = 4.64, p < 0.001; and the Yuly_SEP images yielded an F ratio of F(12, 153) = 22.19, p < 

0.001.  When a Bonferroni correction was applied, however, such that statistical significance 

would be accepted at p < .025, the simple two-way interaction between distance and pitch for 

images captured with the Axon BWC in August (Axon_AUG) was no longer statistically 

significant.  This finding indicates that the effect of BWC pitch on image quality depended on the 

BWC’s distance from the target for both the Axon and Yuly BWCs in Phase 2b.  For the Axon 

BWC in Phase 2a, the effect of BWC pitch on image quality did not depend on the BWC’s distance 

from the target. 

The simple two-way interaction between BWC pitch and yaw was statistically significant at 

the α = 0.05 level for the Yuly BWC, but was not statistically significant for the Axon BWC.  The 

Axon_AUG images yielded an F ratio of F(9, 153) = 1.20, p = 0.296; the Axon_SEP images 

yielded an F ratio of F(18, 153) = 1.04, p = 0.42; and the Yuly_SEP images yielded an F ratio of 

F(18, 153) = 27.68, p < 0.001.  When a Bonferroni correction was applied, the statistical 

significance of the simple two-way interaction between pitch and yaw for images captured with 

the Yuly BWC held at the α = 0.025 level.  This finding indicates that the effect of BWC pitch on 
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image quality depended on the BWC’s yaw angle relative to the target for the Yuly BWC in Phase 

2b.  For the Axon BWC in Phases 2a and 2b, the effect of BWC pitch on image quality did not 

depend on the BWC’s yaw angle relative to the target. 

4.3.3.2.2 Simple Main Effects 

With findings of multiple statistically significant simple two-way interactions, the researcher 

next conducted analysis of simple main effects.  Similar to way the researcher examined simple 

two-way interactions in section 4.3.3.2.1, the researcher investigated simple main effects by 

running one-way ANOVA procedures for BWC model, distance, pitch, and yaw using the error 

term to six decimal places (SS = 62.443510) and the degrees of freedom (df = 153) from the three-

way ANOVA conducted in section 4.3.3.2.  See Appendix L, Figure L.2, for the syntax the 

researcher used to execute the simple main effects procedures. 

Most simple main effects were statistically significant, and most statistically significant 

findings held when the researcher applied a Bonferroni correction (see Appendix L, Tables L.3 

through L.5, for results of all simple main effects).  These findings indicate that the model of BWC 

the researcher used to capture face images, the distance between the BWC and the target, the pitch 

angle of the BWC, and the yaw angle of the BWC all had an effect on image quality score. 

The practical significance of these results suggests that how the BWC wearer positions 

himself relative to the target has a greater impact on image quality scores than the height of the 

BWC relative to the ground.  These findings also suggest that a flat-lens BWC produces better 

quality images than a curved-lens BWC. 

4.3.3.2.3 Simple Pairwise Comparisons 

Given multiple statistically significant simple main effect results, the researcher conducted simple 

pairwise comparisons for the each of the two three-way interactions from section 4.3.3.2, applying 

a Bonferroni adjustment and using estimated marginal means for all simple pairwise comparisons.  

Estimated marginal means refers to the mean response for each factor in  the General Linear Model, 

as adjusted to incorporate the effects of covariates, and accounts for unequal sample sizes among 

the combinations of variables (Grace-Martin, 2020). 
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Most pairwise comparisons were either not observed or were not statistically significant.   

Comparisons that were statistically significant, however, indicate that images captured when BWC 

pitch angles were 20° and 30° resulted in the highest mean image quality scores across the different 

distances between BWC and target and across both BWC models, and the highest mean image 

quality scores across the different BWC yaw angles and across both BWC models.  See Appendix 

L, Table L.6, for pairwise comparisons between BWC model, BWC distance to target, and BWC 

pitch angle, and Appendix L, Table L.7, for pairwise comparisons between BWC model, BWC 

pitch angle, and BWC yaw angle. 

The practical significance of these findings is that angling a low-mounted BWC lens (37 to 

46 inches from the ground) upward by 20° to 30° appears to result in higher-quality images than 

having the lens pitch angle at 10° or less, relative to the target. 

4.4 Phase 3 – Live Test  

The purpose of Phase 3 was to collect quantitative data to answer the research questions 

posed in section 1.2.2.  A total of five facial recognition targets and 33 BWC-wearing subjects 

participated in this phase of the study. 

4.4.1 Participant Demographics 

The majority of BWC-wearing participants were white (n = 32, 96.97%), male (n = 29, 

87.88%), and fired right-handed (n = 29, 87.88%).  BWC-wearing participants ranged in age from 

22 to 55 years old (M = 33.52, SD = 8.63).  The height range of male BWC-wearing participants 

was 67 to 77 inches tall (M = 72.03, SD = 2.44), and the height range of female BWC-wearing 

participants was 62 to 64 inches tall (M = 63.00, SD = 0.82).  These data are depicted in Figure 49. 
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Figure 49:  Demographic data for BWC wearers in Phase 3 

Among facial recognition targets, 100% of participants were male.  Four (80.00%) 

identified as white, and one (20.00%) identified as multi-racial.  The age range of facial recognition 

target participants was 23 to 68 years old (M = 36.40, SD = 18.12), and the height range was 68 to 

75 inches tall (M = 71.80, SD = 3.11).  These data are depicted in Figure 50. 
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Figure 50:  Demographic data for facial recognition targets in Phase 3 

4.4.2 Data Reduction 

Upon completion of data collection, the researcher transferred videos from the BWC to the 

researcher’s CPU via Axon’s Evidence Sync desktop-based application, v.3.15.104.  The 

researcher labeled each BWC video and each webcam video with the 5-digit IRB number, BWC 

wearer’s three-digit SID, the movement condition in the video, and the type of camera the 

researchers used to capture the video.  Examples of this naming convention are 

19413_100_HFL_Axon for a BWC video of the hip flexion movement for BWC-wearing 

participant 100; 19413_105_KFL_Axon for a BWC video of the knee flexion movement for BWC-

wearing participant 105; and 19413_120_ROT_Logi for a Logitech webcam video of the rotation 

movement for BWC-wearing participant 120.   

For image quality analysis, the researcher split each of the 99 BWC videos collected into 

individual frames using the free software program VirtualDub, v.1.10.4.  The researcher captured 

every frame within each video as an individual .jpg file in order to maximize data available for 
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analysis.  The researcher added the identifier FF after the IRB number during the frame splitting 

process and labeled each frame with the SID of the facial recognition target, the SID of the BWC-

wearing participant, the movement condition, and the frame number.  Examples of this naming 

convention are 19413FF_001_HFL_100_xxxx to indicate a frame from a BWC video of the hip 

flexion movement from BWC-wearing participant 100, who was paired with facial recognition 

target participant 001; 19413FF_002_KFL_103_xxxx to indicate a frame from a BWC video of 

the knee flexion movement from BWC-wearing participant 103, who was paired with facial 

recognition target participant 002; and 19413FF_003_ROT_108_xxxx to indicate a frame from a 

BWC video of the rotation movement from BWC-wearing participant 108, who was paired with 

facial recognition target participant 003.  

For matching performance analysis, the researcher first used the free motion analysis 

software program Kinovea, beta release v.0.9.1, to synchronize each of the 99 webcam videos 

collected with their 99 corresponding BWC videos, resulting in 99 composite videos.  Next, the 

researcher used Kinovea to split each of the 99 composite videos into three shorter composite 

videos, resulting in a total of 297 videos (one video per movement condition x three movement 

conditions x three speeds per movement condition x 33 BWC-wearing participants = 297).  After 

splitting the composite videos, the researcher then used the angle tracking tool in Kinovea to 

estimate each BWC wearer’s body angle in the anatomical plane of interest during each of the 

three movement conditions.  The researcher also used the object tracking tool in Kinovea to mark 

estimates of the speed at which the BWC moved through space as the BWC wearer moved, but 

this data was subsequently ignored since it was outside the scope of the research questions.  An 

example frame from a marked composite video is shown in Figure 51. 

  

Figure 51:  A single frame of a composite video with BWC wearer SID 120 and target SID 001 
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 The researcher also used VirtualDub, v.1.10.4, to isolate a series of single frames from 

each of the marked composite videos for matching analysis.  The purpose of this step was to sample 

points in each movement path to determine whether matching performance decreased as the BWC 

wearer’s body angle moved further away from the start position.  This step also approximated how 

as a law enforcement officer might select for further analysis individual frames from a BWC video 

of a person of interest. 

For the hip flexion movement condition, the researcher selected a single frame from the 

BWC wearer’s start position and single frames from the BWC wearer’s forward-bending and 

backward-bending movement path in 5º increments up to and including ±30º from the start position.  

For the knee flexion movement condition, the researcher selected a single frame from the BWC 

wearer’s start position and single frames from the BWC wearer’s up-and-down movement path in 

5º increments up to and including -30º and +10º from the start position.  For the rotation movement 

condition, the researcher selected a single frame from the BWC wearer’s start position and single 

frames from the BWC wearer’s clockwise and counter-clockwise movement path in 5º increments 

up to and including ±30º from the start position.  The researcher did not isolate frames where the 

target’s face was not visible in the BWC portion (e.g., out of frame, obscured by BWC wearer’s 

hands), and did not isolate frames that were more than ±2º from the intended point in the path.  

The limits of ±30º from the start position for the hip flexion and rotation conditions were based on 

the observed main effects from Phase 2 collection (see Figure 46), and the limits of -30º and +10º 

from the start position for the knee flexion condition was based on the observed movements in 

Phase 3 collection. 

4.4.3 Image Quality Assessment  

Date reduction resulted in a total of 85,560 image frames (30,300 frames from the hip 

flexion movement condition, 22,065 frames from the knee flexion movement condition, 33,195 

frames from the rotation movement condition), plus five facial recognition target enrollment 

images.  The researcher assessed the quality of each of these images using the SimpleFaces 

program in Neurotechnology’s Face SDK 10.0.  Of the five images submitted for the facial 

recognition target enrollments, the software returned all five frames (100%).  Quality scores for 

the facial recognition target enrollment images ranged from 51 to 75 (M = 63.20, SD = 8.90) on a 

scale of 0 to 100, where a higher score indicates better image quality.  Of the 30,300 images 
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submitted for the hip flexion movement condition, the software returned 12,689 (41.88%) frames.  

Quality scores for the hip flexion movement condition ranged from 0 to 51 (M = 6.31, SD = 8.19).  

Of the 22,065 images submitted for the knee flexion movement condition, the software returned 

10,376 (47.02%) frames.  Quality scores for the knee flexion movement condition ranged from 0 

to 53 (M = 6.18, SD = 8.06).  Of the 33,195 images submitted for the rotation movement condition, 

the software returned 17,699 (53.32%) frames.  Quality scores for the rotation movement condition 

ranged from 0 to 50 (M = 5.58, SD = 6.66).  With the exception of the enrollment image (quality 

score = 51), no quality scores were returned for images where facial recognition target SID 002, a 

68-year-old male, was paired with a BWC wearer.  The specific reason for this failure to return 

images for SID 002 is unknown, however the researcher assessed that the target’s age and 

eyeglasses may have impacted the system’s ability to compute quality scores for this target. 

Following quality assessment, the researcher used Neurotechnology’s Template Creator 

10.0 to make a template of the facial recognition target’s face from each of the captured frames 

where the software detected a face.  The researcher also created templates for the five facial 

recognition target enrollment images captured in section 3.2.3.5.  This process created a total of 

74,730 face templates for matching; five templates from the enrollment images, 25,700 templates 

from the hip flexion movement condition, 19,723 templates from the knee flexion movement 

condition, and 29,302 templates from the rotation movement condition.  The researcher then 

imported the templates from each movement condition into Neurotechnology’s MegaMatcher 10.0 

software for matching.  The researcher processed each of the three movement conditions using 

large face templates, medium matching speed, and the “Match on SID” option in MegaMatcher.   

4.4.4 Statistical Analysis 

The researcher analyzed the data collected in Phase 3 using SPSS 26.0, Neurotechnology 

Face SDK 10.0, and Oxford Wave BioMetrics.  Since this study examined the effect of changes in 

officer body position on the accuracy of the facial recognition system, where a BWC was the 

sensor, simple hypothesis testing was appropriate for quality score analysis.  The researcher plotted 

matching results as a series of DET curves. 
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4.4.4.1 Quality Score Analysis 

4.4.4.1.1 Initial Analysis 

The researcher conducted an independent-samples t-test in SPSS to determine whether the 

movement of a BWC wearer affected image quality scores.  The null and alternative hypotheses 

the researcher selected for this test were as follows:  

𝐻0: 𝜇1 =  𝜇2 

𝐻𝐴: 𝜇1  ≠  𝜇2 

The mean image quality score of frames captured while the BWC wearer was in motion (n 

= 10,549) was 1.81 (SD = 1.40).  The mean image quality score of frames captured while the BWC 

wearer was not in motion (n = 30,215) was 2.12 (SD = 1.31).  The assumption of normality was 

violated, as assessed by the Kolmogorov-Smirnov test of normality, so the researcher applied a 

square root transformation to the dependent variable (image quality scores) to compensate for 

moderately positively skewed data and reduce the presence of outliers.  The researcher re-ran 

normality tests on the transformed data, and the data were again not normally distributed (p < 

0.001) as assessed by the Kolmogorov-Smirnov test.  A series of boxplots depicting quality scores 

by variable are in Figure 52; pre-transformation plots are on the left and post-transformation plots 

are on the right.
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Figure 52:  Boxplots of quality by variable; pre-transformation on left, post-transformation on right 
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The data violated the assumption of homogeneity of variance, as assessed by Levene’s test 

for equality of variance (p < 0.001).  However, sample sizes within each movement condition were 

equal, and the ratio of the BWC wearer moving variance to the BWC wearer not moving variance 

was less than three (σ2
MOV:σ2

NOMOV = 1.14), so the researcher determined this assumption was not 

sufficiently violated to be problematic (Laerd Statistics, 2017).  With unequal variances 

established, the researcher used the Welch t-test output from SPSS to assess the results of this test.  

There was a statistically significant difference between the means of image quality scores when 

the BWC wearer was not moving and when the BWC wearer was moving, M = 0.31, 95% CI [0.28, 

0.35], t(17413.70) = 20.17, p < 0.001, therefore the researcher rejected the null hypothesis in favor 

of the alternative hypothesis.  This result indicates that BWC wearer movement had a statistically 

significant negative impact on image quality scores. 

4.4.4.1.2 Secondary Analysis:  Factorial ANOVA 

The researcher further analyzed the impact of BWC wearer movement on image quality 

scores by conducting a factorial ANOVA using the Univariate General Linear Model procedure in 

SPSS.  Considering the movement condition as the focal variable, and whether the BWC wearer 

was moving and the facial recognition target SIDs as moderator variables, the null and alternative 

hypotheses for these tests were as follows:  

𝐻𝑂1:   The three-way interaction between facial recognition target SID, movement condition, and 

whether the BWC wearer is moving is not statistically significant, p ≥ 0.05 

𝐻𝑂2 :   The simple two-way interaction between facial recognition target SID and movement 

condition is not statistically significant, p ≥ 0.05 

𝐻𝑂3:   The simple two-way interaction between facial recognition target SID and whether the BWC 

wearer was moving is not statistically significant, p ≥ 0.05 

𝐻𝑂4:   The simple two-way interaction between movement condition and whether the BWC wearer 

was moving is not statistically significant, p ≥ 0.05 

𝐻𝑂5 :  None of the simple main effects of target SID on image quality scores is statistically 

significant, p ≥ 0.05   

𝐻𝑂6 :  None of the simple main effects of movement condition on image quality scores is 

statistically significant, p ≥ 0.05   
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𝐻𝑂7:  None of the simple main effects of BWC wearer movement on image quality scores is 

statistically significant, p ≥ 0.05     

Three-Way Interaction 

Since initial analysis showed that the data were not normally distributed, the researcher 

continued to use the transformed dependent variable (image quality scores) from section 4.4.4.1.1.  

The transformed data in the factorial ANOVA also violated the assumption of homogeneity of 

variances, as assessed by Levene’s test for equality of variances (p < 0.001).  However, sample 

sizes within each movement condition were equal, and the ratio of the most substantial group 

variance to the least substantial group variance was less than three (σ2
HFL:σ2

ROT = 1.51), so the 

researcher determined that this assumption was not sufficiently violated to be problematic (Laerd 

Statistics, 2017).  Since ANOVAs are robust to non-normal data, and the researcher determined 

heterogeneity of variance was acceptable, the researcher elected to continue analysis with the 

understanding that the results of these tests may not be reliable or generalizable (Laerd Statistics, 

2017).   

There was a significant three-way interaction at the α = 0.05 level:  the interaction of 

movement condition, whether the BWC wearer was moving, and the facial recognition target SID 

yielded an F ratio of F(6, 40740) = 58.88, p < 0.001, therefore the null hypothesis 𝐻𝑂1 could be 

rejected.  There were significant two-way interactions between facial recognition target SID and 

movement condition [F(6, 40740) = 84.32, p < 0.001], between facial recognition target SID and 

whether the BWC wearer was moving [F(3, 40740) = 91.73, p < 0.001], and between movement 

condition and whether the BWC wearer was moving [F(2, 40740) = 153.57, p < 0.001].  This 

finding indicates that the effect of the movement condition on image quality scores depended on 

whether the BWC wearer was moving and the target with whom a BWC wearer had been paired. 

See the complete ANOVA table in Appendix M, Table M.1. 

Simple Two-Way Interaction Effects 

The researcher followed the finding of a statistically significant three-way interaction with 

exploration of simple two-way interactions.  The researcher conducted a series of two-way 

ANOVAs using the error term to six decimal places (SS = 52747.227386) and the degrees of 

freedom (df = 40740) from the three-way ANOVA conducted in section 4.4.4.1.  In the first 
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procedure the researcher examined the interaction of the movement condition and whether the 

BWC was wearer moving, split by facial recognition target SID.  In the second procedure the 

researcher examined the interaction of the facial recognition target SID and whether the BWC 

wearer was moving, split by movement condition.  In the third procedure the researcher examined 

the interaction of the facial recognition target SID and the movement condition, split by whether 

or not the BWC wearer was moving.  See Appendix M, Figure M.1, for the syntax the researcher 

used to execute the two-way ANOVA procedures.   

The simple two-way interaction between movement condition and whether the BWC wearer 

was moving was statistically significant at the α = 0.05 level for three of the four target SIDs that 

returned image quality scores; no cases were recorded for target SID 002.  Thus, the researcher 

rejected the null hypothesis 𝐻𝑂2.  Images captured when SID 001 was the facial recognition target 

yielded an F ratio of F(2, 40740) = 68.06, p < 0.001.  Images captured when SID 003 was the 

facial recognition target yielded an F ratio of F(2, 40740) = 23.05, p < 0.001.  Images captured 

when SID 004 was the facial recognition target yielded an F ratio of F(2, 40740) = 205.71, p < 

0.001.  Images captured when SID 005 was the facial recognition target yielded an F ratio of F(2, 

40740) = 0.18, p = 0.84.  When a Bonferroni correction was applied, the simple two-way 

interaction between movement condition and whether the BWC wearer was moving remained 

statistically significant for SIDs 001, 003, and 004.  These findings indicate that the effect of 

whether a BWC wearer was moving on image quality depended on the movement condition the 

BWC wearer executed.   

The simple two-way interaction between facial recognition target SID and whether the BWC 

wearer was moving was statistically significant at the α = 0.05 level for the hip flexion, knee 

flexion, and rotation movement conditions.  Thus, the researcher rejected the null hypothesis 𝐻𝑂3.  

More specifically, images captured when the BWC wearer was executing the hip flexion condition 

yielded an F ratio of F(3, 40740) = 91.86, p < 0.001.  Images captured when the BWC wearer was 

executing the knee flexion condition yielded an F ratio of F(3, 40740) = 39.02, p < 0.001.  Images 

captured when the BWC wearer was executing the knee flexion condition yielded an F ratio of 

F(3, 40740) = 117.43, p < 0.001.  When a Bonferroni correction was applied, the simple two-way 

interaction between facial recognition target SID and whether or not the BWC wearer was moving 

remained statistically significant for all three movement conditions.  These findings indicate that 
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the effect of whether the BWC wearer was moving on image quality depended on the target the 

BWC wearer was filming. 

The simple two-way interaction between facial recognition target SID and movement 

condition was statistically significant at the α = 0.05 level when BWC wearer was and was not 

engaging in movement.  Thus, the researcher rejected the null hypothesis 𝐻𝑂4.  More specifically, 

images captured when the BWC wearer was moving yielded an F ratio of F(6, 40740) = 79.18, p 

< 0.001; images captured when the BWC wearer was not moving yielded an F ratio of F(6, 40740) 

= 44.15, p < 0.001.  When a Bonferroni correction was applied, the simple two-way interaction 

between facial recognition target SID and movement condition remained statistically significant 

whether or not the BWC wearer was moving.  These findings indicate that the effect of movement 

condition on image quality depended on the target the BWC wearer was filming. 

Simple Main Effects 

With the results of all three simple two-way interactions being statistically significant, the 

researcher conducted analysis of simple main effects by running one-way ANOVA procedures for 

the movement condition, whether the BWC wearer was moving, and the facial recognition target 

SID using the error term to six decimal places (SS = 52747.227386) and the degrees of freedom 

(df = 40740) from the three-way ANOVA conducted in section 4.4.4.1.  See Appendix M, Figure 

M.2, for the syntax the researcher used to execute the simple main effects procedures. 

Target SID 

All simple main effects of target SIDs on image quality scores were statistically significant 

(Table 14), thus the researcher rejected the null hypothesis 𝐻𝑂5.  These findings indicate that the 

target the researcher paired with a BWC wearer had an effect on image quality scores.   
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Table 14:  Simple main effect of Target SID on image quality 

Simple Main Effect of Target SID on Transformed Image Quality Scores 

Movement Condition 

BWC Wearer 

Moving? SS (Type III ) df MS F p 

Hip Flexion Yes 1080.09 3 360.03 278.07 <0.001 

  No 5138.92 3 1712.97 1323.04 <0.001 

Knee Flexion Yes 1319.88 3 439.96 339.81 <0.001 

  No 4309.17 3 1436.39 1109.41 <0.001 

Rotation Yes 694.37 3 231.46 178.77 <0.001 

  No 6937.22 3 2312.41 1786.02 <0.001 

Note:  User-specified SS = 52747.227386, df = 40740 

Movement Condition 

All simple main effects of movement condition on image quality scores were statistically 

significant (Table 15), thus the researcher rejected the null hypothesis 𝐻𝑂6 .  These findings 

indicate that the movement condition a BWC wearer executed had an effect on image quality 

scores.   

Table 15:  Simple main effect of movement condition on image quality 

Simple Main Effect of Movement Condition on Transformed Image Quality Scores 

Target SID BWC Wearer Moving? SS (Type III ) df MS F p 

001 Yes 157.45 2 78.73 60.81 <0.001 

  No 24.44 2 12.22 9.44 <0.001 

003 Yes 45.94 2 22.97 17.74 <0.001 

  No 230.29 2 115.14 88.93 <0.001 

004 Yes 863.84 2 431.92 333.60 <0.001 

  No 40.30 2 20.15 15.56 <0.001 

005 Yes 29.00 2 14.50 11.20 <0.001 

  No 59.03 2 29.51 22.74 <0.001 

Note:  User-specified SS = 52747.227386, df = 40740 

BWC Wearer Moving or Still 

All but one of the simple main effects of BWC wearer moving or still on image quality scores 

were statistically significant (Table 16), thus the researcher rejected the null hypothesis 𝐻𝑂7 .  
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These findings indicate that whether or not the BWC wearer was moving had an effect on image 

quality scores.   

Table 16:  Simple main effect of BWC wearer moving on image quality 

Simple Main Effect of BWC Wearer Moving on Transformed Image Quality Scores 

Target SID 

Movement 

Condition SS (Type III ) df MS F p 

001 Hip Flexion 17.98 1 17.98 13.89 <0.001 

  Knee Flexion 1.15 1 1.15 0.89 0.35 

  Rotation 198.68 1 198.68 153.46 <0.001 

003 Hip Flexion 259.29 1 259.29 200.27 <0.001 

  Knee Flexion 10.09 1 10.09 7.79 0.01 

  Rotation 130.90 1 130.90 101.11 <0.001 

004 Hip Flexion 6.77 1 6.77 5.23 0.02 

  Knee Flexion 49.49 1 49.49 38.22 <0.001 

  Rotation 966.68 1 966.68 746.63 <0.001 

005 Hip Flexion 210.99 1 210.99 162.96 <0.001 

Note:  User-specified SS = 52747.227386, df = 40740 

Simple Pairwise Comparisons 

Given multiple statistically significant simple main effect results, the researcher conducted 

simple pairwise comparisons for the three-way interaction from which the simple main effect 

results were derived.  The researcher applied a Bonferroni adjustment and used estimated marginal 

means for all simple pairwise comparisons.  See Appendix M, Figure M.3, for the syntax the 

researcher used to execute the simple pairwise comparisons.  The results of the simple pairwise 

comparisons (Table 17) indicate that BWC wearer movement within the rotation movement 

condition had the most substantial effect on image quality scores of the three movement conditions 

tested. 
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Table 17:  Table of pairwise comparisons for Phase 3 data 

Pairwise Comparisons for Target SID, BWC Wearer Moving, and Movement Condition 

 95% Confidence Interval 

Target SID 

BWC Wearer 

Moving? 

Movement 

Condition1 

Movement 

Condition 2 MD SE p LB UB 

001 No Hip Flexion Knee Flexion -0.04 0.02 0.30 -0.09 0.02 

     Rotation -0.09* 0.02 0.00 -0.14 -0.04 

   Knee Flexion Hip Flexion 0.04 0.02 0.30 -0.02 0.09 

     Rotation -0.05* 0.02 0.04 -0.10 0.00 

   Rotation Hip Flexion .091* 0.02 0.00 0.04 0.14 

     Knee Flexion 0.05* 0.02 0.04 0.00 0.10 

  Yes Hip Flexion Knee Flexion 0.05 0.04 0.82 -0.05 0.14 

     Rotation 0.36* 0.04 0.00 0.27 0.44 

   Knee Flexion Hip Flexion -0.05 0.04 0.82 -0.14 0.05 

     Rotation 0.31* 0.04 0.00 0.22 0.40 

   Rotation Hip Flexion -0.36* 0.04 0.00 -0.44 -0.27 

     Knee Flexion -0.31* 0.04 0.00 -0.40 -0.22 

003 No Hip Flexion Knee Flexion 0.41* 0.04 0.00 0.31 0.51 

     Rotation 0.47* 0.04 0.00 0.38 0.56 

   Knee Flexion Hip Flexion -0.41* 0.04 0.00 -0.51 -0.31 

     Rotation 0.06 0.04 0.28 -0.03 0.15 

   Rotation Hip Flexion -0.47* 0.04 0.00 -0.56 -0.38 

     Knee Flexion -0.06 0.04 0.28 -0.15 0.03 

  Yes Hip Flexion Knee Flexion -0.14 0.07 0.14 -0.31 0.03 

     Rotation 0.27* 0.06 0.00 0.12 0.42 

   Knee Flexion Hip Flexion 0.14 0.07 0.14 -0.03 0.31 

     Rotation 0.40* 0.07 0.00 0.24 0.58 
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Table 17 continued 

   Rotation Hip Flexion -0.27* 0.06 0.00 -0.42 -0.12 

     Knee Flexion -0.41* 0.07 0.00 -0.58 -0.24 

004 No Hip Flexion Knee Flexion -0.26* 0.06 0.00 -0.41 -0.11 

     Rotation 0.05 0.05 0.98 -0.07 0.16 

   Knee Flexion Hip Flexion 0.26* 0.06 0.00 0.11 0.41 

     Rotation 0.30* 0.05 0.00 0.17 0.43 

   Rotation Hip Flexion -0.05 0.05 0.98 -0.16 0.07 

     Knee Flexion -0.30* 0.05 0.00 -0.43 -0.17 

  Yes Hip Flexion Knee Flexion -1.07* 0.11 0.00 -1.33 -0.80 

     Rotation 1.31* 0.08 0.00 1.13 1.49 

   Knee Flexion Hip Flexion 1.07* 0.11 0.00 0.80 1.33 

     Rotation 2.38* 0.10 0.00 2.13 2.62 

   Rotation Hip Flexion -1.31* 0.08 0.00 -1.49 -1.13 

     Knee Flexion -2.38* 0.10 0.00 -2.62 -2.13 

005 No Hip Flexion Knee Flexion -0.26* 0.04 0.00 -0.36 -0.17 

     Rotation -0.04 0.04 0.80 -0.13 0.05 

   Knee Flexion Hip Flexion 0.27* 0.04 0.00 0.17 0.36 

     Rotation 0.22* 0.04 0.00 0.12 0.32 

   Rotation Hip Flexion 0.04 0.04 0.80 -0.05 0.13 

     Knee Flexion -0.22* 0.04 0.00 -0.32 -0.12 

  Yes Hip Flexion Knee Flexion -0.30* 0.07 0.00 -0.46 -0.14 

     Rotation -0.03 0.06 1.00 -0.17 0.10 

   Knee Flexion Hip Flexion 0.30* 0.07 0.00 0.14 0.46 

     Rotation 0.27* 0.07 0.00 0.10 0.43 

   Rotation Hip Flexion 0.03 0.06 1.00 -0.10 0.17 

     Knee Flexion -0.27* 0.07 0.00 -0.43 -0.10 

Notes:  Based on estimated marginal means  

*. The mean difference is significant at the 0.05 level. 

b. Adjustment for multiple comparisons: Bonferroni. 
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4.4.4.2 Matching Analysis 

MegaMatcher’s biometric comparison scores are presented on a scale of 0 to 2822, with a 

higher score indicating higher system confidence that a given pair of image templates is from the 

same person.  With the exception of five image pairs, maximum genuine comparison scores across 

all conditions examined were below 200, and all five of the image pairs with genuine scores above 

200 were images where SID 001 was the facial recognition target.   

The researcher plotted matching results as a series of DET curves for each movement 

condition with the EER (where the FAR and FRR are equal, see section 2.3.2.2) displayed on the 

curves.  See Appendix M, Figures M.4 through M.6, for DET curves.  A summary of matching 

performance for each movement condition, by position, is in Table 18.   

Table 18:  Matching performance summary 

Summary of Matching Performance by Movement Condition 

  FRR 

Movement Condition EER FAR = 1% FAR = 0.1% FAR = 0.01% 

Hip Flexion     

     Start Position 15.11% 26.60% 40.18% 52.02% 

     ±5º From Start 39.89% 90.94% 97.99% 99.87% 

         +5º From Start 41.58% 89.69% 97.48% 99.55% 

          -5º From Start 37.93% 91.08% 98.98% 99.94% 

     ±10º From Start 39.82% 87.09% 96.08% 99.23% 

         +10º From Start 38.88% 85.84% 95.08% 98.59% 

         -10º From Start 40.09% 87.56% 95.31% 99.97% 

     ±15º From Start 38.94% 88.54% 96.60% 99.33% 

         +15º From Start 36.59% 84.61% 95.22% 99.28% 

          -15º From Start 39.96% 92.39% 96.95% 99.87% 

     ±20º From Start 37.15% 85.13% 95.48% 99.90% 

         +20º From Start 35.28% 81.29% 91.97% 99.73% 

         -20º From Start 40.05% 89.98% 99.12% 99.71% 

     ±25º From Start 30.31% 66.29% 79.23% 87.49% 

         +25º From Start 28.28% 58.63% 71.24% 86.64% 

          -25º From Start 36.10% 80.49% 87.80% 87.80% 

     ±30º From Start 35.52% 80.18% 93.25% 95.79% 

         +30º From Start 30.89% 73.71% 95.52% 94.80% 
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An EER of 0.00% indicates perfect performance of a biometric system (Modi, 2011), and 

higher EERs indicate poorer performance.  For the purpose of this study, the researcher considered 

an EER greater than 10.0% to be poor.  Results showed matching performance was poor at every 

Table 18 continued 

         -30º From Start 38.47% 86.96% 86.96% 86.96% 

Knee Flexion     

     Start Position 31.40% 52.24% 94.63% 99.94% 

     ±5º From Start 40.85% 89.10% 95.83% 99.03% 

         +5º From Start 42.15% 88.83% 96.77% 96.61% 

          -5º From Start 39.39% 88.21% 96.14% 99.16% 

     ±10º From Start 39.60% 89.00% 97.72% 99.96% 

         +10º From Start 36.89% 90.74% 90.74% 90.74% 

         -10º From Start 39.05% 87.78% 97.57% 99.52% 

     -15º From Start 40.34% 90.54% 97.50% 99.05% 

     -20º From Start 41.58% 89.84% 94.71% 95.01% 

     -25º From Start 39.41% 84.84% 91.24% 90.36% 

     -30º From Start 40.33% 88.85% 98.61% 98.61% 

Rotation     

     Start Position 18.32% 24.91% 34.40% 45.89% 

     ±5º From Start 29.44% 67.29% 86.77% 99.94% 

         +5º From Start 22.86% 45.41% 63.55% 98.14% 

          -5º From Start 32.82% 78.56% 94.55% 99.97% 

     ±10º From Start 27.64% 67.16% 84.74% 98.54% 

         +10º From Start 22.28% 49.69% 68.65% 78.81% 

         -10º From Start 32.90% 77.97% 92.72% 99.97% 

     ±15º From Start 30.02% 74.87% 93.57% 99.97% 

         +15º From Start 26.39% 63.78% 88.16% 95.88% 

          -15º From Start 32.96% 80.36% 95.00% 100.00% 

     ±20º From Start 28.81% 75.33% 94.83% 99.93% 

         +20º From Start 24.83% 61.32% 80.68% 97.54% 

         -20º From Start 33.15% 81.52% 99.62% 99.86% 

     ±25º From Start 28.33% 75.23% 91.01% 99.94% 

         +25º From Start 28.69% 65.21% 93.31% 99.95% 

          -25º From Start 28.85% 80.15% 90.97% 99.83% 

     ±30º From Start 31.52% 81.75% 97.94% 99.97% 

         +30º From Start 30.75% 66.14% 76.65% 97.23% 

         -30º From Start 32.11% 88.97% 99.86% 99.93% 

Note:  In the knee flexion condition, the maximum recorded extension was +10º from the 

BWC wearer’s start position, so ±15º through ±30º options do not exist 
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selected point in in all three movement conditions, but was least poor at the start positions, when 

the BWC wearer was not moving.   

To aid in understanding how matching performance was so poor, a series of composite frames 

from the rotation condition are presented in Figure 53.  Figure 53(a) is of a BWC wearer at the 

start point of the slow speed trial for the rotation condition; she is standing still.  Figure 53(b) is of 

the same BWC wearer as she moves counter-clockwise through a point approximately -15 from 

her starting body angle for the slow speed trial of the rotation condition.  Figure 53(c) is of the 

same BWC wearer as she moves counter-clockwise through a point approximately -15 from her 

starting body angle for the medium speed trial of the rotation condition.  Figure 53(d) is of the 

same BWC wearer as she moves counter-clockwise through a point approximately -15 from her 

starting body angle for the fast speed trial of the rotation condition.   

 (a) 

 (b) 

Figure 53:  Composite frames from the rotation condition; (a) start position for the slow         

speed trial; (b) -15 from the start of the slow speed trial; (c) -15 from the start of the        

medium speed trial; (c) -15 from the start of the fast speed trial 
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Figure 53 continued 

 (c) 

 (d) 

 

A key point of Table 18 is that the facial recognition system tested failed to differentiate 

between genuine and impostor matching attempts at least 15.11% of the time when the BWC 

wearer was standing still (start position).  Furthermore, in the hip flexion condition, the system 

failed to differentiate between genuine and impostor attempts at least 28.28% of the time when the 

BWC wearer was moving.  In the knee flexion condition, the system failed to differentiate between 

genuine and impostor attempts at least 36.89% of the time when the BWC wearer was moving.  In 

the rotation condition, the system failed to differentiate between genuine and impostor attempts at 

least 22.86% of the time when the BWC wearer was moving.  The images in Figure 53 show that 

as the BWC wearer moved through the rotation path the target’s face became increasingly blurry, 

even during slow-speed movement.  The blurrier the target’s face, the more difficult it is for the 

system’s algorithm to detect the face in the image and determine the location of the facial 

landmarks that permit matching analysis. 

These findings indicate first that any movement a BWC wearer conducted had a significant 

negative impact on matching performance.  More importantly, however, these findings also 

indicate that an isolated frame from a BWC video—whether the BWC wearer is moving or still—

is unsuitable for use as a probe image in a facial recognition system.  A biometric system that 
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cannot differentiate between genuine and impostor attempts at a high level of accuracy is 

unsuitable for almost any purpose, including law enforcement operations.  This is discussed further 

in section 5.2.  
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CHAPTER 5. DISCUSSION AND CONCLUSIONS 

5.1 Discussion 

This section covers considerations and observations encountered in the course of 

completing this study that are not addressed elsewhere in the document. 

5.1.1 Phase 1 

5.1.1.1 Instrument and Analysis 

A range of subjects were included in the survey in order to inform the subsequent phases 

of the study, such as the brands and models of BWCs currently in use in law enforcement 

departments across the United States.  This particular question was useful in that it provided 

evidence that the Axon is in fact a popular brand, with survey results indicating 52% of respondents 

using bodycams were using Axon; this is in line with previously described reports claiming Axon 

has the majority share of the broader market  

In question 4.18, which asked whether respondents believed a facial recognition system 

would be useful in BWCs, the details of a FR in BWC system were not described intentionally.  

The purpose of this was to permit officers to conjure what they believed a working facial 

recognition system might look like, how that system might operate, and then determine whether 

or not that imagined system would be useful, rather than focusing on what might or might not work 

in a proposed system.  

In the analysis of Phase 1 data, a Fisher’s Exact test was appropriate for several portions 

of data.  Unfortunately, this test could not be conducted with the software available to the 

researcher, so the researcher sought an alternative and selected the Real Statistics Resource Pak 

software to complete this test.  Due to the processing limitations of this software, the maximum 

size of each table was 3x3, so stratifications within each variable had to be reduced to a maximum 

of three per variable.  While this still allowed for analysis of general trends within the data, some 

granularity may have been lost by condensing the categories within each variable. 
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5.1.1.2 Additional Study 

The findings from the survey portion of this study provide several potential avenues for 

further exploration.   

First, the one statistically significant association discovered in analysis—ideal BWC 

mounting location by department type—suggested that officers in Public Safety departments were 

more likely than officers in Police Departments or Sheriff’s Offices to believe that mounting a 

BWC on the head is ideal for recording citizen interactions.  The strength of this association was 

weak, and it is notable that the number of survey respondents who identified themselves as 

belonging to Public Safety departments was the lowest (least frequent) of the three types of 

departments.  The researcher believes it would be interesting to conduct additional study into why 

law enforcement departments and individual officers mount their BWCs in the locations they do, 

and whether there is any correlation between the type of department an officer is in and mounting 

location preference.  Along the same line, it would be interesting to explore the extent to which 

BWC mounting locations are influenced by factors such as BWC design, department operating 

environments (e.g., rural versus urban), training or tactical considerations, trial-and-error, or 

simply conjecture. 

Second, the researcher recommends further study into how BWC mounting location affects 

facial recognition image quality and matching performance.  The present study examined image 

quality and matching performance from a single BWC mounting location that the researcher 

selected based on the popularity of this mounting location among officers surveyed in Phase 1.  

While the selected mounting position for Phase 3 testing was the location that most surveyed 

officers currently mount their BWCs and was also the location that most surveyed officers believed 

was ideal for recording citizen interactions, survey results also showed that past mounting 

locations and believed-to-be-ideal locations trended toward a position higher on the body (see 

Figure 43).  This could be tested by mounting multiple cameras to law enforcement officer 

participants, as in Suss et al. (2018) and having the BWC wearers film facial recognition targets 

similarly to the way the researcher conducted this study.  Results from such a study could not only 

add to the scarce literature on facial recognition in BWCs, but could also provide important data 

to law enforcement officers regarding changes in the useful portion of a BWC’s field of view based 

on mounting location. 
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Finally, survey results suggest there is broad support in the law enforcement community 

for a facial recognition feature in BWCs, so the researcher believes it would be useful and 

interesting to explore how law enforcement officers envision using such a feature.  By asking law 

enforcement officers not only how they might use facial recognition-enabled BWCs in their daily 

duties, but also what aspects of such a feature would be most important to them (e.g., citizen 

identification, citizen verification, a watch list for dangerous or wanted persons), collected data 

could inform the development and testing of future prototypes.  Additionally, a study that further 

explores law enforcement officer opinions on the usefulness of a facial recognition feature in 

BWCs could also serve to educate participating officers on the strengths, weaknesses, capabilities, 

and limitations of biometric facial recognition. 

5.1.2 Phases 2 and 3 

5.1.2.1 Distortion 

Both the Axon and Yuly BWCs used in Phase 2 data collection offered a wide field of view, 

but the Yuly BWC possessed a flat lens and the Axon Body 2 possessed a convex “fisheye” lens 

that resulted in some distortion to the images captured with this BWC, specifically barrel distortion 

(Axon Enterprise Inc., 2016; Brown & Fan, 2016).  Barrel distortion produces the effect of straight 

lines curving outward, as shown in Figure 54, which can result in the parts of an image closest to 

the center of the lens’ field of view appearing abnormally large or pronounced and the parts of an 

image closest to the edges of the lens’ field of view appearing abnormally small and/or curved to 

one side (Bacher, n.d.).   

 

Figure 54: Images of a face without distortion (left) and with 20% barrel distortion (right) 

(Ferrara, Franco, & Maltoni, 2013) 
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According to Ferrara et al. (2013), barrel distortion does not have a significant effect on 

facial recognition accuracy, so the researcher included images captured from both the Yuly and 

Axon BWCs in analysis as-is despite obvious curvature within the Axon images.     

In Phase 2 collection, barrel distortion appears to have been most evident in images 

captured at the 45 yaw angles, examples of which—captured with the Axon BWC 48 inches 

from the target and with the lens 46 inches from the floor—are shown in Figure 55.  Images are 

arrayed from top to bottom by ascending pitch angle (0°, 10°, 20°, 30°), with +45° yaw angle 

images on the left and -45° yaw angle images on the right.  Four of the eight sample images in 

Figure 55 returned quality scores, which are entered in a text box in one corner of the image.  The 

quality score for the image at -45° yaw and 0° pitch was 3 (out of 100); the score for the image at 

-45° yaw and 10° pitch was 2; the score for the image at +45° yaw and 20° pitch was 0; and the 

score for the image at +45° yaw and 30° pitch was 3.  Images that failed to return a quality score 

are marked with two dashes in the text box.   
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Yaw angle:  +45° Yaw angle:  -45° 

  

  

  

   

Figure 55:  Sample of Axon images from Phase 2a collection 

 This effect was also seen in Phase 3 data collection, as shown in a still frame captured 

from the hip flexion at slow speed (Figure 56).   
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Figure 56:  An example of barrel distortion in Phase 3 collection 

While the barrel distortion cannot be definitively identified as a factor in the results at this 

time, visual inspection of the images in Figure 55 and Figure 56, as well as the statistically 

significant differences in image quality scores between the Axon and Yuly BWCs in Phase 2, 

suggests that barrel distortion may have had an effect on image quality after all, particularly when 

faces were not centered in the image frame. 

The practical significance of the apparent barrel distortion effect seen in Figure 55 and 

Figure 56 is that the distances between facial landmarks of face images captured near the edges of 

a frame may be stretched, compressed, or otherwise altered such that they are no longer an accurate 

representation of a target’s face.  This can affect a facial recognition system’s ability to accurately 

compare probe and gallery images and subsequently determine whether or not a given image pair 

contains face images of the same subject.  As it applies to this study, results from Phases 2 and 3 

suggest that BWCs with fisheye lenses may be more prone to this particular type of error than 

BWCs with flat lenses. 

This is an important consideration for using BWCs as sensors in a facial recognition system: 

technical specifications vary considerably from one BWC to another, so not all BWCs will capture 

images the same way.  A 2016 cross-industry comparison of BWCs in the marketplace examined 

more than two dozen factors, including BWC price, size, weight, mounting options, recording 

resolution, frame rate, and field of view (Hung et al., 2016).  This comparison showed wide 

variation in BWC specifications, and the reported lens fields of view ranged from 45º to 175º 

(Hung et al., 2016).  While the comparison did not specify whether a particular BWC possessed a 

flat lens versus a fisheye lens, Hung et al. (2016) did note that, “for a given resolution, a larger 

[field of view] will encompass more objects but in less detail, while a smaller [field of view] will 
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include less objects, but in greater detail,” and that “certain types of lenses (e.g., fisheye) used to 

increase [field of view] may result in some distortion, especially near the edges of the video” (p. 

3-11).   

Given the results of the present study, coupled with the findings Hung et al. presented in 

their 2016 cross-industry comparison of BWC technology, the researcher recommends further 

study comparing the performance of several different BWCs as sensors in a facial recognition 

system.  In particular, the researcher believes it would be interesting to explore how different lens 

types and different fields of view affect facial recognition image quality and matching performance 

in a system where a BWC is the sensor.  Alternatively—or in addition to this suggested line of 

research—future study might explore the practicality and effectiveness of a two-lens BWC, where 

one lens is optimized for a wide field of view and the other lens is optimized for a narrow field of 

view.  Apple, Inc., has demonstrated that a multi-lens system can be effectively packaged in a 

small form factor with the release of the iPhone 11 in September 2019 (Apple Inc., 2019); creating 

a prototype of a BWC with a similar lens array could potentially help close the gap between the 

poor BWC-as-facial-recognition-sensor performance seen in this study and the desire among law 

enforcement officers for a facial recognition-enabled BWC.  

5.1.2.2 Illumination 

In addition to the possible effects of a curved lens versus a flat lens, the changing 

orientation of the BWC lens relative to the target in Phases 2 and 3 meant that scene lighting 

reached the optical axis of the BWC differently, depending on where the BWC lens was located 

in space.  Following the poor results from Phase 2a collection, the researcher added two lamps to 

the test setup for Phase 2b—placing them on the floor, facing the test BWC—in an effort to 

improve scene lighting.  Though the lamps did not change position over the course of the Phase 

2b collection, which the researcher and participant completed in a single session, the target’s face 

nevertheless appeared normally exposed in some images (Figure 57) and overexposed in other 

images (Figure 58).   
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Yaw angle:  +45° Yaw angle:  -45° 

  

  

  

   

Figure 57:  Sample of Axon BWC images from Phase 2b collection 
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Figure 58:  Sample of Yuly BWC images from Phase 2b collection 

Images in the Figure 57 and Figure 58 photo arrays were captured from the same positions 
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scores, and five of the eight sample images in Figure 58 returned quality scores.  The quality score 

for the Yuly image at -45° yaw and 0° pitch was 0; the score for the image at +45° yaw and 0° 

pitch was 1; the score for the image at -45° yaw and 10° pitch was 4; the score for the image at -

45° yaw and 20° pitch was 38; and the score for the image at -45° yaw and 30° pitch was 45.  

Images that failed to return a quality score are marked with two dashes in the text box.  The lamps 

the researcher added to the floor in Phase 2b may have aided in improving the number of images 

returning quality scores in the Axon BWC (from Phase 2a to 2b), but the true effect of this minor 

change to the test setup was not investigated.  Additional study is required to explore the manner 

in which BWC orientation affects target illumination, as well as how lens curvature affects target 

illumination. 

5.1.2.3 Body Angle Tracking  

The system the researcher devised to measure and track BWC wearers’ body angles during 

the Phase 3 movement conditions suffered from a number of flaws due to its improvised nature.   

First, the researcher elected to use inexpensive and disposable self-adhesive binder 

reinforcement rings (“dots”) and a webcam rather than a true kinetic capture system because the 

setup needed to be fast and portable in order to maximize BWC wearer throughput.  The researcher 

prioritized the speed condition because BWC wearers participated in the study while they were on 

shift and therefore had to retain the ability to end their participation abruptly to respond to a call.  

Self-adhesive disposable dots took less than a minute to place and only seconds to remove, and 

were easily replaced if an officer inadvertently departed the test site with one or more dots still 

affixed to his uniform or equipment.  By contrast, a true kinetic capture system might employ 

infrared-reflective or electronic markers that require registration, calibration, or other time-

consuming steps before collection could begin, and each marker would have to be accounted for 

before a participant could depart the test site due to the cost of replacing any lost markers.  The 

researcher also needed to ensure the test setup could be moved from the lab on the Purdue campus 

to a location that was more convenient for participating officers, such as the Lafayette (Indiana) 

Police Department Training Center.  High-precision kinetic capture systems cannot be quickly or 

easily moved from one place to another, but the researcher’s CPU, webcam, and lights could be 

set up in a short period of time in nearly any location with an internet connection.  Though each 

of the 33 BWC-wearing participants was able to complete the entire Phase 3 test protocol without 
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interruption, and the researcher was able to complete all testing in the designated lab space, 

retaining the flexibility to quickly end a participant’s session and to move the test setup to a 

different location meant having to compromise on the components of the system employed. 

Second, the researcher’s placement of the dots on each of the BWC wearers’ joints of 

interest was imprecise due to limitations imposed by officers’ uniforms or equipment, and the dots 

were not always visible on the webcam video due to variations in officer body position.  The 

researcher endeavored to place dots precisely over the participants’ joints, but could not always do 

so because a piece of equipment sometimes blocked the point where the dot should be affixed (e.g., 

the holster for a service weapon blocked the point where the marker for the hip joint should be 

placed, so the researcher placed the dot on the holster such that it would be visible in the webcam 

video).  In other instances, the researcher was able to place the dot at the appropriate location, but 

the officer’s clothing shifted during movement and the dot moved with it (e.g., a dot placed over 

the knee joint did not stay over the knee joint as the officer bent at the waist because the fabric of 

the officer’s pants stretched or shifted during the officer’s movement, thus changing the position 

of the dot relative to the knee joint).  Finally, at times the researcher was unable to see a particular 

dot in the webcam video due to changes in an officer’s body position at various points in a 

movement path (e.g., the dot at the base of the neck was sometimes obscured by the back of the 

officer’s head as he moved in the rotation condition). 

Third, the BWC and webcams recorded video at different frame rates, which further 

affected accuracy and precision in measuring joint angles using the angle tracking tool in Kinovea.  

The test BWC recorded video at approximately 30 frames per second (fps) throughout Phase 3 

collection.  The Logitech webcams, however, recorded video at frame rates that ranged from 

approximately 14 to 30 fps, and frame rates often varied within a single video.  While the 

researcher was able to synchronize the BWC and webcam videos to create smoothly-running 

composite videos, advancing the composite videos one frame at a time during the markup process 

showed obvious jumps from one frame to another on the webcam half of the composite.  Put 

another way, the effects of video processing software’s frame interpolation allowed for a smooth 

appearance to the webcam video when played as a continuous stream, but that interpolation did 

not carry over to frame-by-frame viewing in Kinovea.  As a result, there are many frame sequences 

in the composite videos where the BWC wearer’s body position does not appear to change from 

one frame to next on the webcam video half of the composite image, but the location of the target’s 
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face in the corresponding BWC video half of the composite image frames does change over the 

same two- to three-frame sequence.  The practical effect of this problem is that the true position of 

the BWC wearer’s body in space and relative to the target does not reliably correspond to the 

position marked on the composite videos used in matching performance analysis. 

While the improvised motion capture system allowed the researcher to capture sufficient 

data to address the research questions for this study and draw general conclusions, the movement 

data collected are nevertheless imprecise and were analyzed with a degree of caution.  As such, 

the researcher recommends a follow-up study conducted with an accurate and precise kinetic 

capture system for further exploration of how officer body angle affects facial recognition in 

BWCs. 

5.1.2.4 Participant Factors 

The introduction of paired participants in Phase 3 resulted in some minor challenges to 

collecting good-quality data.  For example, despite being given a description and demonstration 

of the movements to be conducted during the movement trials, time to ask questions before starting, 

and verbal cues during the trials themselves, some BWC-wearing participants nevertheless 

performed movements incorrectly.  Examples of incorrect movement include pausing in the middle 

of a hip flexion trial (i.e., making the trunk flexion and extension two separate movements rather 

than a single, continuous movement), conducting multiple clockwise and counter-clockwise trunk 

rotations during a single rotation trial, and failing to keep hands out of the way of the BWC lens 

during knee flexion trials.  Similarly, some facial recognition targets tended to watch the BWC 

wearers instead of maintaining a straight-forward gaze throughout a movement trial, or deviating 

from the neutral facial expressions they were asked to maintain (e.g., smiling at a BWC wearer at 

the beginning or end of a movement trial).  These deviations from the test protocol are 

understandable; BWC wearers might have felt self-conscious regarding the performance of each 

movement, and facial recognition targets might have been interested in seeing how BWC wearers 

executed the tested movements.  While the researcher had exclude some image frames from 

analysis due to a BWC wearer’s hands blocking the BWC lens, image frames containing other 

participant errors were not excluded simply because of a non-neutral expression or other similarly 

minor error.  The practical significance of this choice is that it adds another element of realism to 

the scenario test, as law enforcement officers work in dynamic environments and the subjects of 
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real-world BWC videos are likely to have non-neutral facial expressions or non-forward gazes 

when interacting with a BWC-wearing officer.  

5.2 Conclusions 

The research questions this study sought to answer were:   

1.  Does a BWC wearer’s trunk movement in the transverse plane (clockwise and counter-

clockwise rotation from the hips) affect the target’s quality and comparison scores?   

2. Does a BWC wearer’s trunk movement in the sagittal plane (flexion and extension from 

the hips) affect the target’s quality and comparison scores?   

3. Does a BWC wearer’s trunk movement in the coronal plane (flexion and extension of 

the knees) affect the target’s quality and comparison scores? 

Each of the above questions was answered in the affirmative; yes, a BWC wearer’s trunk 

movement in the transverse, sagittal, and coronal planes affects the target’s quality and comparison 

scores.   

The ability to collect high-quality face images from a commonly used law enforcement 

BWC in laboratory conditions was more challenging than expected, but served to highlight some 

of the practical difficulties of using a BWC as a sensor in a facial recognition system.  First, law 

enforcement officers’ bodies are in near-constant motion while they are on duty, and the conditions 

in which they operate are far from ideal for capturing face images for facial recognition purposes.  

Officer body movement, even in relatively controlled conditions, had statistically significant 

effects on the quality of face images captured with the test BWC, and attempting to match these 

low-quality images to a target’s enrollment photo resulted in generally poor matching 

performance.  Second, BWCs currently on the market are typically designed with wide fields of 

view in order to capture as much of a scene as possible.  These wide fields of view are well-suited 

to the generally accepted rationale for the use of BWCs in law enforcement (officer and citizen 

accountability), but can distort faces within a frame such that a facial recognition system would 

have trouble determining the true locations of landmarks on a given target’s face and therefore not 

be able to provide a high level of accuracy in an identification or verification scenario.  Coupled 

with the variety of BWC mounting positions available to law enforcement officers—whether due 

to BWC form factor, officer body characteristics, department policy, or other factors—the results 
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of this study suggest it is difficult to achieve a reasonable level of consistency and quality in face 

images captured with a BWCs.  Finally, the findings from this study suggest that for BWCs to be 

used as facial recognition system sensors in law enforcement field conditions, the make, model, 

form factor, and mounting location of BWCs ought to be consistent in order to enhance 

interoperability.  While the likelihood of law enforcement departments adopting a single standard 

for BWCs would seem to be extremely low, further examination of BWC sensor interoperability 

within a single facial recognition system would be useful in determining whether BWC 

specifications and mounting locations could be optimized for use within a facial recognition 

system. 

The practical significance of these findings is that the exceedingly poor results from the 

matching performance portion of the study indicate that the costs of incorporating an immature 

technology (a facial recognition-enabled BWC) into law enforcement operations could be 

unacceptably high on several fronts.  Imperfect as the testing system was, the researcher conducted 

the study in conditions that were generally stable and controllable, yet matching performance error 

rates were as high as 100% (see Table 18).  Were a law enforcement entity to exclude (falsely 

reject) a valid crime suspect based on an incorrect matching decision from a facial recognition-

enabled BWC, the suspect would remain at large unless or until determined to be a valid suspect 

by other means.  Perhaps more concerning than falsely rejecting a true suspect, however, are the 

potential costs of including (falsely accepting) an invalid crime suspect based on an incorrect 

matching decision.  In this scenario, an innocent person could be subjected to surveillance, 

questioning, or detention based on a false facial image match.  Additionally, a law enforcement 

department might waste precious resources (e.g., time, money) on pursuing a person who had 

nothing to do with the crime of interest based on that same false facial image match.  It is for these 

reasons that the march toward including facial recognition technology in BWCs must be conducted 

carefully.   

As camera technology (e.g., image stabilization, image resolution), device memory 

capability, and device and network processing speeds continue to evolve, it is quite possible that 

future iterations of law enforcement BWCs will be capable of capturing face images that can be 

used for high-accuracy biometric matching.  In their current form, however, it is this study’s broad 

conclusion that the BWCs tested are not suitable sensors for a law enforcement facial recognition 

system at this time.   
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PROPEL # 26768702 

Date 06-17-2019 

Are you the Principal Investigator? Yes, I am the Principal 
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Proxy Information 
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Name Stephen Elliott 

Title Professor, Interim Department 

Head 

Department CIT/TLI 

Email elliott@purdue.edu  

Phone Number (765) 4943642 
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specimens to be included under this protocol as 

justified by the hypothesis and study procedures: 

Will this project involve the use of an 

investigational new drug (IND), investigational 

medical device or an FDA-approved 

drug/device for an unapproved use 

No 

Check the box(es) below if your project 

involves any of the following (check all that 

apply) 

None of the above 

Suggest the appropriate IRB to review your 

research given your study (final decision 

determined by IRB) 

Social/Behavioral (research 

involving education, social and 

behavioral science) 

How will this study be funded? Unfunded 

Do you or any investigator on this study have a 

Significant Financial Interest related to this 

study as described above? 

No 

Are you conducting this project for research 

purposes? 
Yes 

Will you collect, receive, or analyze data (either 

directly or indirectly) about living human 

individuals? This applies even if the data were 

previously collected by another researcher or 

source. 

Yes 

What best describes your planned research? Educational Test, Survey, 

Interview, or Observation of 

Public Behavior (Exemption 

Category 2/3) 
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HUMAN RESEARCH PROTECTION PROGRAM INSTITUTIONAL REVIEW BOARDS 

To: Stephen Elliott 

From: Purdue University Human Research Protections Program (HRPP) 

Title: Police Officer Survey Regarding Body-Worn Cameras 

Date: 2019-06-17 

Re: Exemption Determination 

Through the answers you provided in response to questions in the Purdue Research Online Portal 

Exemption Logic (PROPEL), Purdue’s HRPP has determined that the research project identified 

above qualifies as exempt from IRB review, under federal human subjects research regulations 

Exemption Category 2/3 [-Anonymous Educational Test, Surveys, Interviews, or Observations of 

Public Behavior; e.g., 45 CFR 46.101(b)(2) or (3)]. 

The answers provided in PROPEL indicate your plans to: 

• Conduct anonymous educational tests, surveys or observation of public behavior that do 

not place participants at risk of criminal/civil liability or damage to their financial standing, 

employability or reputation. 

• Involve only participants over the age of 18. 

• Indicate to each participant that the research is voluntary any questions may be skipped. 

What are your responsibilities now, as you move forward with your research? 

• You must obtain written permission from any sites and/or instructors (such as schools or 

daycare centers) to recruit or observe participants. Generally, such permission comes in the 

form of a letter from the school superintendent, principal, or center director. You must 

maintain a copy of this permission with study records. 

• You (and any staff collecting or analyzing data from this study) must renew your training 

in human subjects research via CITI (www.citiprogram.org) every 5 years, based on the 

date of your last CITI training certificate. CITI will notify you via email when your current 

training certification is close to expiration. 

• You must keep all study records for a minimum of 3 years following closure of the study. 

http://www.citiprogram.org/
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• You and the members of your research team acknowledge that this study is subject to 

review at any time by Purdue’s HRPP staff, Institutional Review Board, and/or Research 

Quality Assurance unit. At any time, this project may be subject to post exemption-

determination monitoring by these Purdue entities to confirm the applicability of this 

exemption status. 

• This determination constitutes the Purdue HRPP assessment of regulations related to 

human subjects research protections.  This determination does not constitute approval from 

any other Purdue campus department or outside agency. The Principal Investigator and all 

researchers are required to affirm that the research meets all applicable local, state, and 

federal laws that may apply. 

• Finally, if any changes occur with respect to this research project, recognize that such 

changes could result in change in need for review by HRPP/IRB. Therefore, it is important 

that you again complete PROPEL to ensure that your research remains exempt from IRB 

review. 

Should you have any questions about your rights and responsibilities regarding conducting 

research with people, on this project or any other, please do not hesitate to contact Purdue’s HRPP 

at irb@purdue.edu. We are here to help! 

  

  

HRPP Email hrpp-intake@purdue.edu  

Does your research involve only one or 

more of the following methods? 
Yes 

Does the research involve children? No 

Does the research collect information about 

the subject in such a manner that their 

identity can be readily ascertained by the 

study team, directly or through identifiers 

linked to the subjects? 

No 

Will the research generate information that, 

if revealed outside the research, could 

reasonably place the subjects at risk of 

criminal or civil liability, or damage their 

financial standing, employability, 

educational advancement or reputation? 

No 

Tell us a bit more... This research study will 

explore police officers’ 

experiences with body-worn 

cameras as used in the 

course of their duties, as well 

as the officers’ perspectives 
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biometric facial recognition 

feature in police body-worn 

cameras.  The purpose of 

this project is to inform 

future research intended to 

identify the impacts of police 

officers’ body position on 

biometric facial recognition 

image quality in body-worn 

cameras.  Geographic data 

will be identifiable to the 

county level.  

Will the research involve access to or use of 

Protected Health Information (PHI) from a 

healthcare provider or other covered entity 

to identify eligible subjects? 

No 

Will subjects receive payment or other 

incentives for their participation in the 

study? 

No 

Provide a brief summary of your research The study consists of a 

single web-based survey, 

which is estimated to take 

10-15 minutes to complete, 

and is best conducted on a 

laptop or desktop 

computer.  If your duties are 

located in Tippecanoe 

County, IN, individuals will 

be given the opportunity at 

the end of the survey to 

provide an email address if 

you are interested in being 

contacted for participation in 

future research studies at 

Purdue.  
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                          THE NEVADA SHERIFFS’ & CHIEFS’ ASSOCIATION 

         

 

 
 
 
Date: 08/08/2019 

Re: Letter of Cooperation for Nevada Sheriffs’ and Chiefs’ Association 

       

Dear Dr. Elliott, 

 

This letter confirms that that I, as an authorized representative of the Nevada Sheriffs' and Chiefs' 

Association, allow Julia M. Bryan access to conduct study related activities at the listed site(s), as discussed 

with the Principal Investigator and briefly outlined below, and which may commence when the Principal 

Investigator provides documentation of IRB approval for the proposed project. 

 

• Study Title:  Law Enforcement Officers’ Experiences with Body-Worn Cameras 

 

• Study Activities Occurring at this Site:  Study activity will consist of a self-administered 

online survey of current sworn officers in good standing at the Nevada Sheriffs’ and 

Chiefs’ Association.   
 

• Site(s) Support:  Site support for this study will be limited to participant recruitment (e.g., 

providing verbal notice of the survey at shift change briefings and other official department 

events) and distribution of the invitation to complete the survey via qualified officers’ 

official Nevada Sheriffs’ and Chiefs’ Association email addresses.  
 

• Anticipated End Date: The survey will be available to officers until August 31, 2019. 

 

I understand that any activities involving compliance with Health Insurance Portability and Accountability 

Act (HIPAA), Family Educational Rights and Privacy Act (FERPA), or other applicable regulations at this 

site must be addressed prior to granting permission to the Purdue University researcher to collect or receive 

data from the site. I am authorized to make this determination on my organization’s behalf.  

 

We understand that Nevada Sheriffs’ and Chiefs’ Association participation will only take place during the 

study’s active IRB approval period. All study related activities must cease if IRB approval expires or is 

suspended. If we have any concerns related to this project, we will contact the Principal Investigator who 

can provide the information about the IRB approval. For concerns regarding IRB policy or human subject 

welfare, we may also contact the Purdue University IRB at irb@purdue.edu (www.irb.purdue.edu).  
 

August 8, 2019 

Signature 

 

Eric Spratley 

Date Signed 

 

Executive Director 
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Ocean View Police Department                                                                                 Kenneth M. McLaughlin 

201 Central Ave                                                                                                                  Chief of Police 

Ocean View, DE 19970 

302.539.1111 

Fax: 302.537.3787 

 

 

 

Date: 07/11/2019 

Re: Letter of Cooperation for Ocean View Police Department 

       

Dear Dr. Elliott, 

 

This letter confirms that that I, as an authorized representative of the Ocean View Police Department allow Julia M. Bryan 

access to conduct study related activities at the listed site(s), as discussed with the Principal Investigator and briefly outlined 

below, and which may commence when the Principal Investigator provides documentation of IRB approval for the proposed 

project. 

 

• Study Title:  Law Enforcement Officers’ Experiences with Body-Worn Cameras 

 

• Study Activities Occurring at this Site:  Study activity will consist of a self-administered online survey 

of current sworn officers in good standing at the Ocean View Police Department.   
 

• Site(s) Support:  Site support for this study will be limited to participant recruitment (e.g., providing verbal 

notice of the survey at shift change briefings and other official department events, hanging flyers advertising 

the survey in areas such as break rooms) and distribution of the invitation to complete the survey via 

qualified officers’ official Ocean View Police Department email addresses.  
 

• Anticipated End Date: Once approved for distribution, the survey will be available for officers for a period 

of two weeks, with an anticipated end date of July 31, 2019, or earlier. 

 

I understand that any activities involving compliance with Health Insurance Portability and Accountability Act (HIPAA), 

Family Educational Rights and Privacy Act (FERPA), or other applicable regulations at this site must be addressed prior to 

granting permission to the Purdue University researcher to collect or receive data from the site. I am authorized to make 

this determination on my organization’s behalf.  

 

We understand that Ocean View Police Department participation will only take place during the study’s active IRB approval 

period. All study related activities must cease if IRB approval expires or is suspended. If we have any concerns related to 

this project, we will contact the Principal Investigator who can provide the information about the IRB approval. For concerns 

regarding IRB policy or human subject welfare, we may also contact the Purdue University IRB at irb@purdue.edu 

(www.irb.purdue.edu).  

 

   
July 11, 2019 

Signature 

 

Kenneth M. McLaughlin 

Date Signed 

 

Chief of Police, Ocean View Police Department 
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APPENDIX B. SURVEY 

Start of Block: Consent 

 

Q1.1 Purpose of Research This research study will explore police officers’ experiences with 

body-worn cameras as used in the course of their duties, as well as the officers’ perspectives on 

the utility of a biometric facial recognition feature in police body-worn cameras.  The purpose of 

this project is to inform future research intended to identify the impacts of police officers’ body 

position on biometric facial recognition image quality in body-worn cameras.  

Specific Procedures  At the start of the session, your responses will be assigned a unique study 

ID number.  This number allows us to keep track of all your study data without using information 

that directly identifies you, such as your name or location.  The responses you provide to the survey 

questions will not be attributable to you or to your department, and all data collected will be stored 

using only your study ID number.  You will then be asked about your experiences using body-

worn cameras in your capacity as a law enforcement officer.  Questions will encompass body-

worn cameras used, training received with regard to body-worn cameras, camera mounting 

locations, and the potential utility of a facial recognition feature in body-worn cameras.  If your 

duties take place in Tippecanoe County, IN, you will be given the opportunity at the end of the 

survey to provide an email address if you are interested in being contacted for participation in 

future research studies at Purdue.   Provision of contact information is completely voluntary, and 

the decision to not provide this information will not affect your participation in the survey.      

Duration of Participation   The study consists of a single web-based survey, which is estimated 

to take 10-15 minutes to complete, and is best conducted on a laptop or desktop computer.  This 

survey may be completed at the time and location of your choosing within the specified window 

of availability.  The survey does not have to be completed in a single session; you may start the 

survey, save your progress, and continue late from the same browser or device if you so 

choose.  Restarting the survey from a different browser or device, however, may result in the loss 

of information you have already provided.      

Risks  This study poses minimal risk to you, which means that the risks related to participation in 

this study is no greater than what you generally experience in day-to-day activities.  There is a risk 

that you could be identified from the demographic or contact information you provide.  Safeguards 

are in place to reduce this risk as described in the confidentiality section.     

 Benefits  There are no anticipated direct benefits to you from participating in this 

research.  However, developers of biometric-enabled body-worn cameras may benefit from the 

results of this study, as the results will allow researchers to recommend guidelines to improve the 

usability of body-worn cameras and their applications.  Additionally, the benefits from your 

feedback could be immeasurable in the future.      

Compensation There will be no compensation for participation in this study.  Your participation 

will be considered completely voluntary and motivated by goodwill towards the advancement of 

knowledge in the fields of biometrics accessibility and law enforcement officer safety.  If you 

withdraw from the study, the information already collected will be retained.      

Confidentiality   The data collected from you through participation in the survey will only be 

accessed by authorized Purdue research team members.  Your contact information, the provision 

of which is voluntary, will only be accessed by authorized Purdue research members.  This 
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information will be stored on our database for the purpose of contacting you if you are interested 

in participating in in future research studies at Purdue.   The collected data will be kept indefinitely 

by Purdue using your study ID number and may be used for future research, use at conference 

proceedings or for non-research purposes such as product improvement or education; your identity 

will not be revealed in publications or educational or other presentations in association with the 

data, images, or recordings.  Research records will be stored securely (i.e, in a locked file cabinet 

or password protected computer) at Purdue.  Consent records will be stored in a locked file cabinet 

or password-protected computer in the lab only at Purdue.  The study’s research records may be 

reviewed by the Purdue University’s Institutional Review Board, departments at Purdue University 

responsible for regulatory and research oversight and by other federal officials as appropriate.      

Voluntary Nature of Participation   You do not have to participate in this research 

project.  Participation is entirely voluntary.  Refusal to participate will involve no penalty or loss 

of benefits to which you may otherwise be entitled.  If you agree to participate, you can discontinue 

your participation at any time without penalty or loss of benefits to which you may otherwise be 

entitled by contacting the principal investigator whose contact information is listed below.  If you 

discontinue your study participation, the information already collected will be retained and used 

in the study.      

Who can I contact if I have questions about the study?   If you have questions, comments or 

concerns about this research project, you can talk to one of the researchers.  Please contact Dr. 

Stephen Elliott by phone at (765) 494-2311 or by email elliott@purdue.edu.  If you have questions 

about your rights while taking part in the study or have concerns about the treatment of research 

participants, please call the Human Research Protection Program at (765) 494-5942, email 

(irb@purdue.edu) or write to:     Human Research Protection Program - Purdue University, Ernest 

C. Young Hall, Room 1032, 155 S. Grant St., West Lafayette, IN 47907-2114      

Documentation of Informed Consent    I have had the opportunity to read this consent form and 

have the research study explained. I have had the opportunity to ask questions about the research 

study, and my questions have been answered. I am prepared to participate in the research study 

described above. I will be offered a copy of this consent form after I sign it. 

o I consent to participation in this survey  

o I DO NOT consent to participation in this survey  

 

Skip To: End of Survey If Purpose of Research           This research study will explore police officers’ experiences 
with... = I DO NOT consent to participation in this survey 

End of Block: Consent 
 

Start of Block: Categorization 
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Q2.1 At which level of law enforcement do you serve? 

o State  

o County/Municipal  

o City  

o Other (please specify)  

 

 

Display This Question: 

If At which level of law enforcement do you serve? = State 

Or At which level of law enforcement do you serve? = County/Municipal 

Or At which level of law enforcement do you serve? = City 

Or At which level of law enforcement do you serve? = Other (please specify) 

 

Q2.2 In which type of department do you work? 

o Public Safety (e.g., Highway Patrol)  

o Police Department  

o Sheriff's Office  

o Other (please specify)  

 

 

 

Q2.3 In which state do you serve?  If your duties span multiple states, please select the one you 

consider to be your "home base" (e.g., precinct location, main office, etc.) 

▼ AK ... WY 
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Display This Question: 

 

Display This Question: 

If In which state do you serve? If your duties span multiple states, please select the one you consi... = MT 

 

Q2.29 In which county do you serve?  If your duties span multiple counties, please select the one 

you consider to be your "home base" (e.g., precinct location, main office, etc.) 

▼ Beaverhead ... Yellowstone 

 

 

 

Q2.54 Approximately how many sworn officers are currently in your department? 

o 10 or fewer  

o 11-50  

o 51-100  

o 101-200  

o 201-300  

o 301-400  

o 401-500  

o 501-750  

o 751-1000  

o More than 1000  

 

End of Block: Categorization 
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Start of Block: Service 

 

Q3.1 What is your current rank? 

________________________________________________________________ 

 

 

 

Q3.2 How many years (total) of law enforcement service do you have? 

o Less than 1  

o 1-3  

o 4-6  

o 7-9  

o 10-12  

o 13-15  

o 16-19  

o 20+  
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Q3.3 How many years have you been at your current department? 

o Less than 1  

o 1-3  

o 4-6  

o 7-9  

o 10-12  

o 13-15  

o 16-19  

o 20+  
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Q3.4 Which days of the week do you typically work? 

▢ Monday  

▢ Tuesday  

▢ Wednesday  

▢ Thursday  

▢ Friday  

▢ Saturday  

▢ Sunday  

 

 

 

Q3.5 What hours do you typically work? 

o Mostly days  

o Mostly nights  

o Roughly equal day and night work  

 

End of Block: Service 
 

Start of Block: Bodycam Use 
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Q4.1 Does your current department use bodycams? 

o Yes  

o No  

 

 

Display This Question: 

If Does your current department use bodycams? = Yes 
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Q4.2 How many years (total) has your department used bodycams?  

o Less than 1  

o 1  

o 2  

o 3  

o 4  

o 5  

o 6  

o 7  

o 8  

o 9  

o 10  

o More than 10  

o Not sure  

 

 

 



 

206 

 

Q4.3 As part of your current duties/uniform, do you use a bodycam? 

o Yes  

o No  

 

 

 

Q4.4 In past duties within your current department, or in a previous department, have you 

used a bodycam? 

o Yes  

o No  

 

 

Display This Question: 

If As part of your current duties/uniform, do you use a bodycam? = Yes 

Or In past duties within your current department, or in a previous department, have you used a bodycam? = 
Yes 
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Q4.5 How many years (total) have you, personally, used a bodycam as part of your 

duties/uniform? 

o Less than 1  

o 1  

o 2  

o 3  

o 4  

o 5  

o 6  

o 7  

o 8  

o 9  

o 10  

o More than 10  

 

 

Display This Question: 

If In past duties within your current department, or in a previous department, have you used a bodycam? = Yes 

 

Q4.6 In which other department(s) have you used bodycams?  If multiple, please separate entries 

with a comma (example: "Metro PD, Anytown Sheriff's Office, 123 MP Battalion")   

________________________________________________________________ 
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Display This Question: 

If As part of your current duties/uniform, do you use a bodycam? = Yes 

Or Does your current department use bodycams? = Yes 

 

Q4.7 What bodycam make/brand and model do you (or you department) currently use? 

________________________________________________________________ 

 

 

Display This Question: 

If As part of your current duties/uniform, do you use a bodycam? = Yes 

 

Q4.8 Please click the one location that best represents where you currently mount your 

bodycam.   

 
 

 

Display This Question: 

If In past duties within your current department, or in a previous department, have you used a bodycam? = Yes 
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Q4.9 In what areas of the body have you mounted your bodycam in the past?  Please click on 

all  areas that apply. 

 
 

 

Display This Question: 

If As part of your current duties/uniform, do you use a bodycam? = Yes 

Or Does your current department use bodycams? = Yes 

 

Q4.10 Does your department mandate where the bodycam is to be mounted?  Alternatively, does 

the design of your bodycam dictate where it is to be mounted (e.g., incorporated into the arm of 

sunglasses)? 

o Yes  

o No  

 

 

Display This Question: 

If Does your department mandate where the bodycam is to be mounted? Alternatively, does the design o... = 
Yes 
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Q4.11 Where does your department require your bodycam to be mounted?  Alternatively, where 

does the design of your bodycam require it to be mounted?  Please click only one area. 

 
 

 

 

Q4.12 What one bodycam mounting location do you believe is best for recording interactions 

with citizens?  Please click only one area. 
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Q4.13 Why do you believe this bodycam mounting location is best for recording interactions 

with citizens? 

________________________________________________________________ 

 

 

Display This Question: 

If As part of your current duties/uniform, do you use a bodycam? = Yes 

Or Does your current department use bodycams? = Yes 

 

Q4.14 What training have you received on the use of your bodycam?  If you are in a leadership 

position and do not normally wear a bodycam, what training do your officers receive? 

▢ Department/agency provided (in-house)  

▢ Bodycam manufacturer provided  

▢ Department/agency-contracted (neither department/agency nor bodycam manufacturer-

led)  

▢ Other (please specify) ________________________________________________ 

 

 

Display This Question: 

If As part of your current duties/uniform, do you use a bodycam? = Yes 

Or In past duties within your current department, or in a previous department, have you used a bodycam? = 
Yes 

Or Does your current department use bodycams? = Yes 

 

Q4.15 Do you have a preferred make/model of bodycam? 

o Yes  

o No  
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Display This Question: 

If Do you have a preferred make/model of bodycam? = Yes 

 

Q4.16 What is your preferred make/model of bodycam? 

________________________________________________________________ 

 

 

Display This Question: 

If Do you have a preferred make/model of bodycam? = Yes 

 

Q4.17 Why do you prefer this make/model of bodycam? 

________________________________________________________________ 

 

 

 

Q4.18 Do you believe a facial recognition feature in bodycams would be useful? 

o Definitely yes  

o Probably yes  

o Might or might not  

o Probably not  

o Definitely not  

 

 

 

Q4.19 Why do you believe a facial recognition feature in bodycams would or would not be 

useful? 

________________________________________________________________ 
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Display This Question: 

If As part of your current duties/uniform, do you use a bodycam? = Yes 

Or In past duties within your current department, or in a previous department, have you used a bodycam? = 
Yes 

Or Does your current department use bodycams? = Yes 

 

Q4.20 Have you ever had to use footage from your bodycam in a court proceeding? 

o Yes  

o No  

 

 

 

Q4.21 Are you involved in the selection or purchasing of bodycams for your department? 

o Yes  

o No  

 

 

 

Q4.22 Have you purchased (or are you considering purchasing) a bodycam for your own use? 

o Yes  

o Maybe  

o No  

 

 

Display This Question: 

If Have you purchased (or are you considering purchasing) a bodycam for your own use? = Yes 

Or Have you purchased (or are you considering purchasing) a bodycam for your own use? = Maybe 
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Q4.23 Do you (or will you) use this self-purchased bodycam while on duty? 

o Yes  

o No  

 

 

Display This Question: 

If Do you (or will you) use this self-purchased bodycam while on duty? = Yes 

 

Q4.24 Why do/will you use this self-purchased bodycam while on duty? 

________________________________________________________________ 

 

 

Display This Question: 

If As part of your current duties/uniform, do you use a bodycam? = Yes 

 

Q4.25 What brand and model of body armor or protective vest do you currently use? 

________________________________________________________________ 

 

 

Display This Question: 

If As part of your current duties/uniform, do you use a bodycam? = Yes 

 

Q4.26 Please indicate your height 
 0 1 2 3 4 5 6 7 8 9 10 11 12 

 

Feet 
 

Inches 
 

 

 

 

Display This Question: 

If As part of your current duties/uniform, do you use a bodycam? = Yes 
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Q4.27 Please indicate your weight 
 100 125 150 175 200 225 250 275 300 325 350 

 

Pounds 
 

 

 

End of Block: Bodycam Use 
 

Start of Block: Demographics 

 

Q5.1 Please indicate your age 

o 18-20  

o 21-25  

o 26-30  

o 31-35  

o 36-40  

o 41-45  

o 46-50  

o 51-55  

o 56-60  

o 61-65  

o 66+  
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Q5.2 Please indicate your sex 

o Male  

o Female  

 

 

 

Q5.3 Please indicate your race (check all that apply) 

▢ White  

▢ Black or African American  

▢ American Indian or Alaska Native  

▢ Asian  

▢ Hispanic or Latino/a  

▢ Native Hawaiian or Pacific Islander  

▢ Other  
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Q5.4 What is the highest level of school you have completed or the highest degree you have 

received?  

o High school graduate (high school diploma or equivalent including GED)  

o Some college but no degree  

o Associate degree in college (2-year)  

o Bachelor's degree in college (4-year)  

o Master's degree  

o Doctoral degree  

o Professional degree (JD, MD)  

 

End of Block: Demographics 
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APPENDIX C.  PHASE 2A IRB APPLICATION AND APPROVAL 

COVER PAGE FOR IRB SUBMISSION 

Purdue University, Institutional Review Board 

 

Type of Submission:   Human subjects determination worksheet [complete both sides of this 

form] 

     New exemption determination [complete both sides of this form] 

     New application narrative [complete both sides of this form] 

  Check here if you believe your protocol will require full board review:  

 

   Amendments to approved protocol / IRB Protocol #:  

   Renewal of approved protocol / IRB Protocol #: 

   Revisions requested by IRB / IRB Protocol #:1906022349 

   Study Closure / IRB Protocol #: 

 

1.  Project Title:      Pilot Test of Body-Worn Camera Positioning Effects on Facial Recognition  

 

2. Principal Investigator:  Stephen J. Elliott 

  (Name, Title, Department, E-mail, Phone; Must sign at the bottom of page 2) 

  

3. Co-Investigators, Key Personnel and/or Consultants (Name, Title, Department, E-mail, Phone, 

for each):   Julia M. Bryan, graduate student (PhD), Technology, bryan24@purdue.edu, (706) 951-

7089 

 

4.  Has the PI and all Co-Investigators, Key Personnel and Consultants completed CITI training?  

  Yes (Proceed to 5) 

  No (STOP here: CITI training must be completed by all prior to submission of this 

application)       

5. This project will be conducted at the following location(s): 

  Purdue, West Lafayette Campus   Purdue, Regional Campus (Specify):        

  Other (Specify, including city and state):    
 

 

6.     Check the box(es) below if your project involves any of the following (check all that apply): 

  Vulnerable populations (Children, pregnant women, or prisoners/incarcerated 

individuals) 

  Elderly persons  

  Economically/educationally disadvantaged persons 

  Mentally/emotionally/developmentally disabled persons  

  Minority groups and/or non-English speakers 

  University students (Purdue PSY Department subject pool?  Yes         No    ) 

  

7.     Indicate the anticipated maximum number of subjects to be enrolled or number of records or 

specimens 

Complete only #1 

& 2 below AND 

PI signature at 

bottom of page 2 

mailto:bryan24@purdue.edu
http://www.citiprogram.org/
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  to be included under this protocol as justified by the hypothesis and study procedures: 

_____1_____          

  (Suggestion: if unsure, err on the side of a higher sample size) 

 

8.    Will this project involve the use of an investigational new drug (IND), investigational medical 

device or  

 an FDA-approved drug/device for an unapproved use:   YES    NO    
         
9.   Check the box(es) below if your project involves any of the following (check all that apply): 
 

        Intervention(s) that include medical or psychological treatment 

  Use of voice, video, digital, or image recordings 

  Subject compensation: Please indicate the maximum payment amount to a subject: US$ 

  VO2 max exercise test 

    Magnetic Resonance Imaging (MRI) (Location: Purdue Campus       Other  ) 

   

        Radioactivity/ Radioisotopes (Radiation Safety Committee approved? Yes     No   ) 

  Request for Waiver of informed consent 

  Request for Waiver of documentation (signed) of informed consent  

        Use of blood: Total amount of blood:       ____________(volume) over _________   days.       

  Use of human tissue, cell lines, or other human bodily fluids  

  Use of Protected Health Information (PHI) obtained from healthcare practitioners or 

institutions 

  Use of academic records obtained from an educational institution 

 

10. Suggest the appropriate IRB to review your research given your study (final decision 

determined by IRB): 

  

   Biomedical (research involving human diseases, epidemiology, drugs, devices) 

   Social/Behavioral (research involving education, social and behavioral science) 

 

 11.  How will this study be funded? 

 

  Unfunded       Purdue University   External sponsor (provide name):  

 

 12. The Principal Investigator on this application is responsible for ensuring that all persons 

responsible for the design, conduct, or reporting on this research protocol have disclosed any 

research-related Significant Financial Interests (SFIs), see here. All Investigators with SFIs, are 

required to fill out a Research Related Significant Financial Interest Disclosure at: 

https://webapps.ecn.purdue.edu/VPR/PDD  

 Do you or any investigator on this study have a Significant Financial Interest related to this 

study? 

 

   YES    UNSURE  (Contact fcoi@purdue.edu)      NO 

 

By signing below, I give my assurance that information supplied to IRB relevant to this project is 

complete and accurate. All materials submitted for review within this submission, unless otherwise 

https://webapps.ecn.purdue.edu/VPR/PDD/ptDefinitions#sfi
https://webapps.ecn.purdue.edu/VPR/PDD
mailto:fcoi@purdue.edu
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indicated, are the original work of myself or those working in collaboration with me. I agree to accept 

responsibility for the scientific conduct of this project and agree to uphold the policies and procedures 

of the Purdue IRB and approved protocol(s).  I understand my obligations as Principal Investigator. 

I agree to oversee the project to comply with all federal, state, and local laws regarding the protection 

of human participants in research.  

 

 

 

  Signature of Principal Investigator   Date Signed 
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APPLICATION NARRATIVE FORM 

Purdue University, Institutional Review Board 

 

1.  Project Title:   Pilot Test of Body-Worn Camera Positioning Effects on Facial Recognition 

 

2. Principal Investigator: Dr. Stephen J. Elliott, Department Head, TLI, elliott@purdue.edu 

(Name, Title, Department, E-mail, Phone) 

 

Please address the following points regarding your proposed research: 

 

A. PROPOSED RESEARCH RATIONALE 

  

 This research study will examine the effects of varied positioning of a body-worn camera on 

the comparison and image quality scores generated from images taken of a single of 

biometric facial recognition subject. The purpose of this project is to inform future research 

intended to identify the impacts of police officer body position on biometric facial 

recognition comparison scores when using images captured from body-worn camera footage.   

 

B.      SPECIFIC PROCEDURES TO BE FOLLOWED 

 This study will consist of a single, in-person session at a mutually agreed-upon date and time.     

 

The study will take place in Young Hall, room 020, on the Purdue University campus, and 

is expected to take approximately three hours to complete.  Prior to requesting the subject’s 

consent to participate, a member of the research team will provide an overview of the test 

protocol and the consent form.  The participant will be afforded time to read the entire 

consent form before being asked to assent to or decline participation.  After the participant 

has been consented, a study ID number will be assigned to the images taken throughout the 

study, which will disassociate the participant’s identity from the data collected.   

 

Following participant’s indication of consent, the first image taken will be an enrollment 

photo.  For this image, the participant will be directed to stand on a marked spot on the 

ground and asked to adopt a neutral facial expression while directing gaze toward the 

opposite wall.  A member of the research team will then capture a passport-style photo of the 

participant using a Canon digital camera.  Next, the research team will capture 360 still 

images (10 different camera heights x nine different yaw angles x four different pitch angles) 

of the participant using a commercially-available body-worn camera, secured to a tripod with 

an adjustable mount, that is five feet away from the participant.  These images will also be 

captured with the subject standing on a marked position of the floor and gazing at a marked 

spot on the opposite wall while maintaining a neutral facial expression.  Additional sets of 

360 images will be captured at distances Approximately every five minutes (or as requested) 

throughout the collection period, the participant will be offered opportunities to stretch or 

“shake out” any muscle tension felt, or to attend to other personal needs.   
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C. SUBJECTS TO BE INCLUDED 

 

A single subject will be recruited from the staff and students affiliated with the International 

Center for Biometric Research (ICBR) at Purdue University. This population has been 

selected on the grounds of convenience.  The duration of the survey collection period is 

estimated to be three hours or less in a single day.  The subject may withdraw at any time 

and may also rejoin if needed.  There is no payment, so there will be no pro-rated payments. 

 

D.  RECRUITMENT OF SUBJECTS AND OBTAINING INFORMED CONSENT 

  

 Recruitment will target staff and students affiliated with the ICBR at Purdue University.  The 

research team will conduct in-person recruitment within the ICBR spaces at Purdue.  

Volunteers willing to participate will be asked to indicate consent to participation prior to 

collecting any images for this study.  The participant will be provided a written description 

of the purpose of and procedures for the study, which may be read at the participant’s own 

pace.  The participant will then be given the opportunity to indicate understanding of the 

study purpose and procedures, and consent to participate or decline participation.  The 

participant will also be provided with the research team’s contact information.  The 

participant will be allowed to proceed through the collection process if consent to participate 

is given.  If a potential participant declines to participate, a new potential participant will be 

recruited from the population outlined above.    

 

E.  PROCEDURES FOR PAYMENT OF SUBJECTS 

 

 No compensation is offered for this study. 

 

F.   CONFIDENTIALITY 

 

 A unique identification number will be assigned to the participant.  Neither the participant’s 

name nor contact information will be associated with any of the data collected in this study.  

The project’s research records may be inspected by the Purdue University Institutional 

Review Board to ensure participants’ rights are being protected.  Data will be secured in the 

lab, which is accessible by key and biometric access control.  The data will be kept 

indefinitely for analysis purposes.  Access to the raw survey data will be limited to the PI 

and key personnel. 

 

G.   POTENTIAL RISKS TO SUBJECTS 

 

 This study poses minimal risk to the subject involved, no more than would be encountered 

in everyday life activities. There is a potential risk of breach of confidentiality due to the 

collection of various types of subject data. 
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H.   BENEFITS TO BE GAINED BY THE INDIVIDUAL AND/OR SOCIETY 

 

 There is no direct benefit for the participant at this time. However, benefits from participants’ 

statements, opinions, and actions for potential future applications to police officer safety 

could be immeasurable. 

 

I.   INVESTIGATOR’S EVALUATION OF THE RISK-BENEFIT RATIO 

 

 There is minimal risk. 

 

J.   WRITTEN INFORMED CONSENT FORM  

 

 See attached consent form. 

 

K.   WAIVER OF INFORMED CONSENT OR SIGNED CONSENT 

 

 Not applicable 

 

L. INTERNATIONAL RESEARCH 

 

 Not applicable 

 

M. SUPPORTING DOCUMENTS (check all document that you will be submitting to IRB) 

  

  Recruitment advertisements, flyers, emails and letters. 

  Survey instruments, questionnaires, tests, debriefing information, etc. 

 X Consent Form, Parental Permission, Assent Form 

 Translated consent and recruitment documents 

 If the research is a collaboration with another institution, that institution’s IRB or ethical 

board approval for the research or request for IRB deferral. 

 If the research accesses the PSYC 120 Subject pool include the description to be posted on 

the web-based  

recruitment program and the debriefing form to be used. 

 Local review approval or affirmation of appropriateness for international research. 

_ If the research will be conducted in schools, businesses or organizations, include a letter 

from   

an appropriate administrator or official permitting the conduct of the research. 

 If the study involves an investigational drug/device, include product information or 

investigator brochure 

 Other (please list)  
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Pole Test Protocol 

1. Equipment and software required: 

a. Autodesk TinkerCAD (web-based computer-aided drawing software 

b. Ultimaker Cura 4.1.0 (open source 3D printer slicing software) 

c. Printerbot Simple 3D printer  

d. Flashforge PLA filament (1.75mm) 

e. Background (18% grey IAW ISO) 

f. Lighting  

i. 2 x Neewer tripod-mounted lamps with softbox diffusers and 45-watt 

compact fluorescent bulbs (110 volts, 5500 Kelvin color temperature) to 

illuminate subject’s face 

ii. 1 x Impact SP-UM tripod-mounted lamp with Eiko Supreme Photoflood 

250-watt incandescent bulb (120 volts, 3200 Kelvin color temperature) to 

illuminate background 

g. Digital illuminance meter (CEM DT-1309) 

h. Bodycam (Axon Body 2) 

i. Adjustable tripod (Slik U6600) 

j. Uonlytech two-axis adjustable tripod mount 

k. Bodycam bracket  

i. Dimensions:   

1. Pyramidal base (flat top):  41mm wide x 5mm tall x 31mm deep 

2. Bracket:  79m wide x 37mm tall x 31mm deep with 69mm wide x 

30mm tall x 26mm deep cutout 

ii. Made with Autodesk Tinkercad; Cura slicing software; Printrbot Simple; 

and Flashforge 1.75mm PLA filament 

l. Double-sided Gorilla mounting tape 

m. Plumb bob 

n. Bubble level 

o. Measuring tape (Milwaukee 16’ metal retractable) 

p. Still camera (Canon PowerShot ELPH110HS, 16.1 megapixels) 

q. Template Creator 10.0 

r. Neurotechnology Simple Faces 

2. Sketch: 

 

  

 

 

 

 

 

3-5ft 

Background 
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Data Collection 

1. Turn on lights 5 minutes prior to beginning collection to allow them to warm up 

2. Measure the subject’s height (with shoes on) using the measuring tape 

3. Direct subject to stand on left/right foot marks on the ground, with toes on the leading 

edge of the marks (closest to the bodycam assembly); ensure distance between subject’s 

mark and camera mark measures 3 feet. 

4. Have the subject remove any headgear or glasses if wearing. 

5. Measure the luminance of the scene in front of the subject’s nose 

a. Should measure approximately 635-675 lux 

b. If necessary, adjust angle and/or height of the diffused lights as needed to ensure 

there are no shadows or hot spots visible on the subject’s face 

6. Capture a reference image of subject using Canon PowerShot ELPH110HS camera (16.1 

mp) 

a. Have subject adopt a neutral facial expression 

b. Stand approximately 3 feet from the subject and center in the preview screen on 

the back side of the camera the image of the subject’s head.  Use the zoom 

function and/or adjust distance between camera and subject as needed to ensure 

the following: 

i. Head will take up approximately 80% of the frame 

ii. Top of head and hair, both ears, and the neck will be visible 

c. Capture a clear, unblurred image of the subject; this will be the enrollment image. 

d. Transfer the enrollment image from the Canon camera to the collection computer 

and label the image as follows:  [5-digit IRB number]_SID_2019MMDD 

7. Ensure tripod-mounted bodycam is in the start position: 

a. Bodycam’s optical axis is 37” from the floor.   

b. Optical axis is directly facing the subject (0° pitch, 0° yaw) 

8. Turn on Axon Body 2 – slide on/off switch toward lens, so red is showing 

 

 

 

9. Start recording by pressing the event button twice (release after each press).  An LED at 

the top of the camera body (near the on/off switch) will blink red when recording. 

 

 

 

10. Capture a still image of the subject from the bodycam’s start position by recording an 

event marker (can later be downloaded as a single-frame .jpg file)  

a. Record the event marker by pressing and releasing the function button within 1 

second 

b. Function button is located on the side opposite the lens 
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11. Using the yaw adjustment knob on the ball head mount (indicated by the red arrow in the 

image below), increase the yaw angle to +15°, then capture a still image of the subject as 

in step 10.  

 

 

 

 

Repeat this step, adjusting the yaw angle ±15° at a time and capturing a still image of the 

subject at each 15° increment, up to and including ±60° yaw. 

12. End the recording by pressing and holding the event button for 4 seconds.  The system 

will emit one long beep.  The purpose of ending the recording is to aid in data 

management following collection. 

13. Using the yaw adjustment knob, return the camera’s orientation to 0° yaw.  

14. Using the pitch adjustment knob on the tripod mount (indicated by the red arrow in the 

image below), adjust the pitch of the bodycam mounting assembly by +10° (optical axis 

moves up/backward, toward the ceiling).   

 

 

 

 

Maintaining the +10° pitch angle, repeat steps 9-13.   

Repeat this step (14) for +20° and +30° pitch angles. 

15. Return the camera’s orientation to 0° pitch and 0° yaw, then increase the height of the 

bodycam’s optical axis by one inch using the rotating height adjustment handle on the 

tripod and the marks on the pole, so that the optical axis is 38” from the floor.  Repeat 

steps 9-14 at the 38” optical axis height.   

16. Repeat step 15 eight more times, up to and including an optical axis height of 46” from 

the floor. 

17. Return the camera’s orientation to the start position (0° pitch, 0° yaw, optical axis 37” 

from the floor), and then move the entire assembly 6” further from the subject, so that the 

distance between camera assembly and subject is 3.5 feet.    

18. Repeat steps 9-16 for the new distance between subject and camera. 

19. Repeat steps 17-18 three more times, increasing the distance between subject and camera 

in 6” increments, up to and including a distance of 5 feet between camera and subject. 
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20. At the end of the complete collection cycle, a total of 1,801 still images of the subject 

will have been collected (360 images per distance x 5 distances +1 enrollment image = 

1,801) 

Data Prep and Analysis 

1. After capturing the 1,800 test images with the bodycam, transfer the files to the collection 

computer.  Use Advanced Renamer to label the images as follows: 

a. [5-digit IRB number]_SID_dd_HH_PP_YYY 

b. dd = distance between bodycam and subject in inches (dd = 60, 54, 48, 42, or 36) 

c. HH = height of the bodycam’s optical axis from the floor (HH =37, 38, 39, 40, 41, 

42, 43, 44, 45, or 46) 

d. PP = pitch angle in degrees (PP = 00, 10, 20, or 30) 

e. YYY = directional indicator (P for + and N for -) and yaw angle in degrees (e.g., 

a yaw angle of +15° would be entered as YYY = P15, and a yaw angle of -15° 

would be entered as YYY = N15) 

2. Run image quality 

a. Copy raw images to Datarun folder on desktop 

b. Open SimpleFaces 

c. Select FaceStats tab 

d. Click Extract FaceStats 

e. After process has concluded, retrieve results from the Quality Results folder 

located on the F: drive; save a copy 

3. Create templates of each of the 1,801 images collected 

a. Open Template Creator 10.0 

b. Select modality (face) and template size (Large) 

c. Select folders 

d. Create templates  

e. Sort output folder contents by file type, place templates in separate folder 

4. Match 

a. Open MegaMatcher 

b. Select folder containing templates created in step 3 above 

c. Select medium matching speed 

d. After process has concluded, retrieve results from the Matching Results folder 

located on the F: drive; save a copy  
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APPENDIX D.  PHASE 2B IRB APPLICATION AND APPROVAL 
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Yuly bodycam, purchased through Amazon:
https://www.amazon.com/Cameras-Enforcement-Vision-Display-Built/dp/B07C2PWTZD
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APPENDIX E.  PHASE 2 SCENE SKETCH AND BWC SETTINGS 

 

Figure E.1:  Scene sketch for Phase 2a and 2b data collection 
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Figure E.2:  Axon BWC settings during Phase 2a and 2b data collection 
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Figure E.2 continued 
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Figure E.2 continued 
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Figure E.2 continued 

 

Figure E.3:  Axon Evidence Sync settings during Phase 2a and 2b data collection 
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Figure E.3 continued 
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APPENDIX F.  PHASE 3 IRB APPLICATION AND APPROVAL 
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Dear Officers of the [law enforcement department name], 

 

The Purdue University International Center for Biometric Research is seeking current sworn law 

enforcement officers in good standing to participate in a research study regarding the effects of 

body-worn camera (bodycam) movement on facial recognition.  Your email was identified 

because you are in good standing as an officer of the [law enforcement department name], which 

has agreed to distribute an announcement of the study on behalf of the research team.   

 

You are invited to participate in this study due to your professional experience as a law 

enforcement officer within Tippecanoe County, Indiana.  The purpose of this study is to examine 

how variations in an officer’s body position within the interview stance will affect the image 

quality and matching performance of image captured using a bodycam.  

 

Participation in this study involves a time commitment of approximately 20-30 minutes in a 

single session on the Purdue University campus (Young Hall, room B020).  You will be asked to 

bring or wear your protective vest and duty belt to the session.   

 

If you are interested in participating, follow these instructions: 

 

1. Sign up by clicking here [hyperlink to signup site will be added] 

2. Select Bodycam Study 

3. Pick a day and time that works for you 

4. Fill in the required information 

 

The principal investigator is Dr. Stephen J. Elliott (elliott@purdue.edu).  For more information 

about this study, please contact Julia Bryan, PhD candidate, at bryan24@purdue.edu. 

 

Thank you, 

 

Dr. Stephen J. Elliott 

Principal Investigator 

 

Study Title:  Body-Worn Camera Movement and Facial Recognition 

IRB #:  IRB-2019-413 
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Good morning/afternoon/evening, officers of [law enforcement department name]. 

 

My name is Julia Bryan.  I am a graduate student at Purdue University, studying facial 

recognition in police body-worn cameras.  Your leadership kindly permitted me to speak to you 

at this meeting to inform you of a research study I am conducting that seeks participation from 

current sworn law enforcement officers in good standing.  This study examines how the 

movement within the interview stance affects the quality and performance of facial recognition 

software on images obtained from body-worn camera footage.   

 

I am seeking participation from 35 to 40 officers, and you are invited to participate due to your 

professional experience as law enforcement officers within Tippecanoe County, Indiana.  

Participation in this study involves a time commitment of approximately 20-30 minutes in a 

single session on the Purdue University campus (Young Hall, room B020).  You will be asked to 

bring or wear your protective vest and duty belt to the session.   

 

If you are interested in participating, please feel free to speak with me after this meeting, send 

me an email at bryan24@purdue.edu, or call/text me at (706) 951-7089.  The title of this study is 

Body-Worn Camera Movement and Facial Recognition (IRB #: IRB-2019-413), and the 

principal investigator is Dr. Stephen J. Elliott (elliott@purdue.edu).  

 

Thank you for your time and consideration of this call for participants.  I am happy to answer 

any questions you may have. 
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IRB Protocol # IRB-2019-413 

 

IRB Protocol # IRB-2019-413 Page 1 

RESEARCH PARTICIPANT DATA FORM 

Body-Worn Camera Movement and Facial Recognition 

Stephen Elliott 

 Purdue University 

Technology Department 

  

Study ID Number: ____________________  
 

 

 _____ I have been designated as a facial recognition target for this study 

 

 _____ I have been designated as a bodycam wearer for this study 

 

 

Facial Recognition Targets:  Please provide the following information, which is being collected in 

order to understand the characteristics of the population in this study.  You may decline to provide any 

or all this information if you wish; declining to provide the requested information will not affect your 

participation in the study. 

 

Gender:______________________________  

 

Age:_________________________________  

 

Race:________________________________  

 

Height:_______________________________  

 

Bodycam Wearers:  Please provide the following information, which is being collected in order to 

understand the characteristics of the population in this study.  You may decline to provide any or all of 

this information if you wish; declining to provide the requested information will not affect your 

participation in the study. 
 

Gender:______________________________  

 

Age:_________________________________  

 

Race:________________________________  

 

Height:_______________________________  

 

Weight:______________________________  

 

Rank:________________________________  

 

Duty Title:____________________________   

 

Dominant/Firing Hand:__________________  
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APPENDIX G.  PHASE 3 SCENE SKETCH AND COLLECTION TABLE 

 

Figure G.1:  Scene sketch for Phase 3 data collection 

Table G.1:  Lens height and illumination level by participant 

BWC Wearer and target SIDs with BWC lens height and illumination level 

BWC Wearer SID Lens Height Target SID Lux 

100 51 001 290 

101 55 002 230 

102 50 002 230 

103 54.5 002 235 

104 52.5 002 243 

105 53 002 247 

106 52 003 250 

107 52 003 265 

108 51.5 003 265 

109 53 003 260 

110 48 003 305 
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Table G.1 continued 

111 52 004 300 

112 51.5 001 285 

113 47.5 001 285 

114 53 001 300 

115 56 001 300 

116 53 001 290 

117 56 001 315 

118 46.5 001 290 

119 53 003 295 

120 54 001 260 

121 52 001 290 

122 54.5 001 310 

123 55 001 305 

124 46.5 001 295 

125 54.5 001 308 

126 54.5 001 308 

127 53.5 001 291 

128 53 001 310 

129 53 005 300 

130 52.5 005 305 

131 53.5 005 303 

132 50 004 350 
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APPENDIX H.  RESPONSES TO SURVEY QUESTION 4.15 – 4.17 

The table in this appendix pertains to survey questions 4.15 – 4.17:  Do you have a preferred 

make/model of bodycam?  What is your preferred make/model of bodycam?  Why do you prefer 

this make/model of bodycam? 

Table H.1:  Coding legend for survey question 4.17 responses 

Code Meaning Examples 

EA Ease of use Easy to use 

QU Quality, durability, reliability, performance Long battery life; High quality video; Durable 

TE 
Technology, back end, software, tech 
support 

Best software; Platform integration 

PR Price Officer is tall/short; Traffic stops 

OT Other Have only used this model 

UR Unusable response “Because” 

Table H.2:  Participant-provided responses to survey questions 4.16 – 4.17 following “yes” 

response to question 4.15 

Q4.16 Preferred BWC? Q4.17 Why Preferred? 
Codes 

Assigned 

Axion good rep, easy use OT, EA 

Axon simple to operate and download EA, TE 

Axon An implementation committee of members from all parts 
of the agency reviewed and determined this was the best 
availabe at the time. 

OT 

Axon Battery length & back end system QU, TE 

Axon Its the only one Ive used. Seems robust due to the many 
times its been knocked to the ground.  

OT, QU 

Axon Ease of use and ease of footage review. EA, TE 

Axon Best product & software TE 

Axon because UR 

Axon Easy clear reliable  EA, QU 

Axon It is durable and reliable QU 

Axon Best overall performance QU 

Axon Ease of use, very reliable and great designs  EA, QU 

Axon I HEAR the battery life is much better than Getac and the 
system is more user friendly  

EA, QU 

Axon Quality QU 

AXON Reliability, Integration with AXON Taser QU, TE 

Axon its all I know OT 
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Table H.2 continued 

Axon Dependable and used by other nearby departments QU 

Axon ease of use EA 

axon works with evidence.com TE 

Axon They are great quality and price  QU, PR 

Axon Ease of use EA 

AXON ITS BETTER  UR 

Axon 2 long battery life, clear picture, reliable QU 

Axon Body 2 Provides the best quality video and tech support. QU, TE 

Axon Body 2 Versatile and Rugged QU 

Axon Body 2 Axon cameras are easy to use, seldom fail and provide 
multiple mounting options. The Body 2 is the only model I 
have used by Axon. 

EA, QU 

AXON BODY 2 It's compact, easy to use, has a great field of view as well 
as great audio. I also like the evidence 
collection/preservation that AXON provides. At the end of 
my shift, I dock my camera and the video downloads to 
the AXON servers. I can watch my video's at any time but 
cannot edit or delete them - this feature is great because 
it eliminates doubt from the public or an over zealous 
defense attorney from saying that I have edited my body 
worn camera footage.  

EA, QU, TE 

AXON Body 2 best performer after extensive testing, plus cloud 
availability through same company 

QU, TE 

Axon body 2 Easy labeling and uploading  EA, TE 

Axon flex ease of use and durability EA, QU 

Axon Flex 2 Ease of use on SWAT.  EA 

Axon Model AX1001 best overall use/purpose OT 

Axon with separate 
camera. 

Can take off of mount and point towards area to be 
recorded. 

OT 

Axon/Body 2 only one I have used OT 

Axxon ease of use, audit processes allowed, robust offloading 
system, aoutomatic tagging of video 

EA, TE 

Body worn The mounting system, integration with car camera, and 
features 

OT, TE 

BodyWorn Best On Market right now.  OT 

Bodyworn ease of use EA 

BodyWorn Ease of use and multiple functions EA 

Bodyworn It is out of the way and stays in place QU 

BodyWorn Most technologicaly advanced TE 

Bodyworn Camera Ease of use, cloud functionality EA, TE 

Bodyworn gen 1 It is very difficult to fall off and is hidden QU 

GeTac Holds up better and less money QU, PR 

GETAC solid camera QU 

Panasonic ruggedness  QU 

Panasonic Same software as squad video, easy to use high quality EA, QU, TE 
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Table H.2 continued 
Point of View Provides the most realistice aspect/view of what the 

officer sees.  We have two styles.  One for the chest and 
one that can be mounted to the shoulder or sunglasses. 

OT 

Revel The magnet is very strong so it doesn't fall off easily and 
the video is good 

QU 

Utility Advanced technology TE 

Utility It has the best technology TE 

Utility Bodyworn Has quite a few features compared to other brands TE 

Utility BWC Multiple functions, high quality TE, QU 

watch guard vista wifi 
xlt 

reciever mounts to belt with wire to small cam that does 
not tear or snag your uniform 

OT 

Watchguard It works in conjunction with our Watchguard car cameras TE 

Watchguard They integrate with the in car video system TE 

WatchGuard  Vista ease of use/downloading/software EA, TE 

Watchguard Vista Reliability and Record after the fact QU, TE 
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APPENDIX I.  RESPONSES TO SURVEY QUESTION 4.13  

The tables in this appendix pertain to survey question 4.13:  Why do you believe this 

bodycam mounting location is best for recording interactions with citizens? 

Table I.1:  Coding legend for survey question 4.13 responses 

Code Meaning Examples 

FV Field of view (of a scene) 
Can see entire scene; Wide angle; No/few obstructions to lens; 
Subject’s face/hands/waist/body language visible 

PE Perspective (of an officer) 
Sees what officer sees; Visible to citizens or attracts their 
attention 

OC 
Officer comfort; stability; 
safety 

Doesn’t interfere with other equipment; Safety; 
Stability/wearability; Form factor or ease of attachment 

HT Height (differential) Officer is tall/short; Traffic stops 

CM Central/neutral position Center mass; Neutral location 

OT Other Policy or personal preference; Habit or convenience 

NS Not sure; unknown Don’t know; Not sure 

UR Unusable response “Yes”; No comment; Random letters (can't discern meaning) 

Table I.2:  Participant-provided responses to survey question 4.13 

Q4.13 Why is this best mount loc? Rater 1 Rater 2 Rater 3 Final 

center mass CM CM FV, PE, CM, HT CM 

Central location and not blocked by 
a drawn firearm 

CM, FV CM FV, OC, CM CM, FV 

can see more when hands are in 
use 

PE, FV FV PE, FV, OC FV 

Full coverage and safety FV, OC FV OC, PE, FV FV, OC 

Center of Body, able to capture the 
best footage in my opinion 

CM, FV FV CM, FV CM, FV 

I am over six feet tall and the 
average person that i come in 
contact with is 6ft or shorter 

HT HT HT, CM, PE HT 

It captures most of the visual range FV FV FV FV 

typically faces the "most forward" 
where you are "more likely" to be 
looking, without interfering with 
your safety/vision 

PE, OC FV, OC PE, OC PE, OC 

Yes UR UR UR UR 

YOU GET A BETTER VIEW OF WHAT 
THE COP IS LOOKING AT  

PE PE PE, FV PE 

Most comfortable OC OC OC OC 
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Table I.2 continued 

The camera moves with the 
officer's head. Thereby, always 
recording what the officer sees.  

PE PE PE PE 

Not too low or high CM PE CM, HT CM 

It gives you the best perspective as 
to what the officer is looking at and 
seeing. 

PE PE PE PE 

It faces directly in front of you like 
your eyes 

PE PE PE, FV PE 

Closer to officer's eyes PE PE PE PE 

No comment UR UR UR UR 

Center mass CM CM, OC CM CM 

For me, I have it higher because I'm 
shorter statue  

HT HT HT HT 

Proper height and location for 
capturing as much of the scene as 
possible. 

FV FV FV, CM, HT FV 

Best view  FV FV FV, PE FV 

So its out of the way of the seatbelt 
and may actually show something if 
using a weapon. 

OC, FV FV, OC OC, PE OC, FV 

should be facing the person you are 
talking to.   

PE PE PE, FV PE 

Guessing.  I have no experience 
wearing them.  Our agnecy doesn't 
currently have them.  Selection was 
chosen because it would likely 
show what an officer is looking at. 

PE PE PE PE 

It gives a good view of the officers 
perception. 

PE PE PE PE 

Closest place to accurately show 
what you're potentially looking at. 
Typically your head/face point to 
what you're looking at vs. being on 
your body, you may have a bladed 
stance, be sitting down in a car, be 
lying down prone, etc.. 

PE, OC PE PE PE 

It covers all angles and cannot be 
blocked  

FV, OC FV OC, FV FV 

Centrally Visible CM, PE PE CM CM, PE 

its fixed to your chest and will 
observe the situation infront of you 

PE CM, FV CM, HT, PE FV 

This covers the majority of the 
body of the person being 
interviewed. 

PE FV PE, FV FV 
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Table I.2 continued 
it has a wide angle and can see past 
them and arround them, aslo can 
see from waist line to to top of 
head 

FV, PE FV FV, PE FV, PE 

best angle to view the most FV FV FV FV 

When an officer is in a deadly force 
situation and they go into a 
shooting stance, their arms and 
shoulders often block the view 
even when it is shoulder mounted. 
Most departments wear cameras 
on their chest which is even worse 
when the officer is in a shooting 
stance. The reason a head mount is 
better is because the camera is 
more likely to see what the officer 
is looking at. On a body mount the 
camera is facing the way the torso 
is facing even if the officer is 
looking to the left ot right of the 
camera direction. 

PE, OC PE, FV 
OC, PE, CM, 

FV 
PE, FV 

more peripheral video captured, 
least likely to be covered by hands 
in UOF situations 

FV, OC FV FV, OC FV 

those viewing it see more of what 
you see 

PE PE PE PE 

Almost eye level to the officer PE PE PE PE 

 because its most comfortable for 
me 

OC OC OC OC 

Central location CM CM CM CM 

centered with good overall 
coverage 

CM, FV FV, CM CM, FV CM, FV 

center will gather most information  CM, FV FV CM, HT, FV FV, CM 

central location CM CM CM CM 

Less likely to be blocked by having 
the officers arms forward and will 
not add weight or problems to the 
head.  

OC PE, OC OC, FV OC, FV 

yes UR UR UR UR 

Best position to show my visual 
perspective  

PE PE PE, OC PE 

Because is gives a better view of 
what I see 

PE PE PE PE 

Position determined by other tools 
mounted on body 

OC OC, OT OC OC 

Better view that sees what you see PE PE PE PE 
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Table I.2 continued 
Chest level captures most of the 
interaction 

FV FV FV, CM, HT, PE FV 

Policy OT OT OT OT 

Placement captures the best 
unobstructed view . 

OC FV FV, OC, CM FV 

Best overall viewpoint of what an 
officer sees causing a reaction 
without being in the way or easily 
blocked by extended arms. 

PE, OC FV, OC PE, FV, OC FV 

degree restrictions of lens provides 
best overall coverage while still 
comfortable to wear and not 
subject to increased likelihood of 
being knocked off 

FV, OC FV FV, OC FV, OC 

captures face and body PE FV PE, FV FV 

Most contact is made from the 
front 

PE FV PE FV 

More reliable view. FV FV OC FV 

get the face PE FV PE FV 

Looked good in video  OT FV NS UR 

I see more than their waist area- 
i.e. face 

PE FV PE, FV FV 

Uknown NS NS UR NS 

Sees where my eyes are looking 
and gets my exact perspective 

PE PE PE PE 

Gets a great view FV FV FV, PE FV 

Good field of view  FV FV FV FV 

   fb UR UR UR UR 

It's less obstructive to the deputy OC OC FV, OC OC 

straight on captures better scene PE, FV FV FV FV 

So the camera sees what you see PE PE PE PE 

Up near chest face level  PE UR CM, HT UR 

Yes UR UR UR UR 

Line of sight for the camera PE FV FV FV 

no experience with other locations OT NS OT OT 

Point of view  PE PE, FV PE PE 

140+ Degree Coverage FV FV FV FV 

Personal best choice OT FV OC, OT OT 

The provides the officers point of 
view to see what they see 

PE PE PE PE 

Aligns with Right Hand movements OC FV, PE OC, OT OC 

central location on body CM CM CM, HT CM 

Yes UR UR UR UR 

Picks up face of individuals and 
most of the surroundings 

PE, FV FV PE FV 

observes what the officer see's PE PE PE PE 
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Table I.2 continued 
Not blocked by arms OC FV FV, OC FV 

Best view FV FV FV, PE FV 

Gives Best view of what the officer 
sees 

PE PE, FV PE PE 

no opinion just always placed in 
that location 

OT NS OT OT 

It seems to capture the best 
footage 

FV FV FV, PE FV 

Ease of access, captures almost 
everything that I see 

OC, PE PE, FV PE OC, PE 

Just my thought  UR UR OT OT 

Its in a good location to have a goo 
view and its not overbearing and 
the focal point during an 
interaction. 

FV, PE, OC FV FV, OC FV 

Central location  CM CM CM CM 

Because its the most ideal location 
UR CM, FV 

CM, HT, OC, 
PE, FV 

UR 

Least obstructed view of what the 
officer sees 

OC, PE PE FV, PE FV, PE 

because it works for me OT OT OT OT 

Located below my name tag and 
seems to draw their attention 
there    

PE PE, OT PE, CM PE 

Not obstructed by arms, hands, 
weapons.   

OC FV FV FV 

Convenient  OT OT OT OT 

Glasses or head PE PE PE PE 

Still maintain body position and 
capture incident without having to 
adjust tactics due to wearing 
camera  

OC OT OC, FV, CM OC, FV 

Best view sitting and standing FV FV PE, FV FV 

Gives the best perspective from 
officer's point of view 

PE PE PE PE 

Better view of person talking to PE FV PE, FV FV 

it is high enough to see the 
individuals face but low enough to 
see there waistband where 
weapons are commonly kept 

PE FV PE FV 

Head mount is not an option UR UR, OT PE UR 

Captures faces as well as 
mannerisms and body language. 

PE FV PE FV 

It is a good angle and citizens see 
the camera in some cases changes 
their attitude  

PE PE FV, CM PE, FV 
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Table I.2 continued 
Provides an equal view of the left 
and right side. 

FV FV FV, CM FV 

Best field of view. FV FV FV FV 

 Central location CM CM CM, HT CM 

Greatest field of view FV FV FV FV 

It captures everything in front and 
surrounding 

FV FV FV, PE FV 

Captures a good view and public 
can easily see it 

FV, PE PE, FV FV FV, PE 

center of chest viewpoint of what 
the Officer is seeing. 

CM, PE PE CM, HT CM, PE 

It's in a location that does not 
interfere with any other worn 
equipment/uniform. Because of its 
location, it also offers a great view 
of incidents. 

OC, FV FV, OC 
OC, FV, PE, 

CM 
OC, FV 

Non-Static Location PE OT CM UR 

Yes UR UR UR UR 

centrally located CM CM HT, CM CM 

Provides straight on view of 
interactions to include fact, body, 
arms, and hands. 

PE FV PE, OC, FV FV 

It captures the officer's view, not 
the view from torso which does not 
always face the direction of the 
offocer's view 

PE PE PE PE 

Is able to see more of the 
environment being filmed. 

FV FV FV FV 

Most people are shorter than me 
gets body language and things I 
observe more accurately  

HT, PE HT, PE HT, PE HT, FV 

Good view FV FV FV FV 

Centered on chest for officer’s 
view.  

CM, PE PE CM, PE, HT CM, PE 

Chest UR UR HT, CM UR 

Unobstructed View of the Officer 
Action(s) 

OC FV OC, FV FV 

Camera pointed where officer 
looking 

PE PE PE PE 

It gives the best camera angle and 
is not obtrusive to me while I work 

FV, OC FV, OC OC, FV FV, OC 

It reflects the center of the body 
which is almost always angled 
towards the interaction. 

CM, FV CM, PE CM, HT, PE CM, FV 

Height HT HT HT HT 

centrally located CM CM CM, HT CM 
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Table I.2 continued 
Centrally located CM CM CM, HT CM 

center mass CM CM CM CM 

center mass CM CM CM CM 

Mounting on the head would more 
adequately reflect what the officer 
was seeing, not where his chest 
was pointed.  Heads can turn and 
generally do when the eyes look 
around.  So it seems like head 
mounting would be the best 
possible reflection of what the 
officer was looking at and what 
he/she saw. 

PE PE PE, OC PE 

Center mounting is best CM CM CM CM 

similar to what the eye would see PE PE PE PE 

Wide eye lens allows most view FV FV FV FV 

able to record most interactions 
without having camera blocked by 
arms extended to fire handgun or 
rifle 

OC FV OC, FV FV 

sees whats you see PE PE PE PE 

Aspect ratio  FV OT NS UR 

my height/ flat part of vest/ 
location of vest pocket for mount 

HT, OC OT HT, CM HT, OC 

Full view of 
interactions/environment 

FV FV FV, PE FV 

records what officer sees. PE PE PE PE 

Whereever your head goes the 
camera goes 

PE PE PE PE 

face and hands shown PE FV FV FV 

I am tall, and this location captures 
the hands of the subjects I deal 
with, as well as most of their faces. 

HT, PE FV, HT HT, PE HT, FV 

Yes UR UR UR UR 

It is allows for the greatest overall 
view. 

FV FV FV, PE FV 

stable platform and secure, smaller 
risk of easily falling off or 
interfiering with the officer.  

OC OC OC OC 

Gets best angle FV FV FV FV 

Captures most interactions best, 
including traffic stops. 

FV FV HT, FV FV 

Yes UR UR UR UR 

full frontal video FV FV PE FV 

More Level OC FV NS UR 
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Table I.2 continued 
The lower positon views subjects in 
the vehicle better. Im 6'1". The 
lower mounting location also picks 
up subjects hands in standing 
position below their waist.   

HT, PE HT HT, PE HT, FV 

Level centered location that faces 
the same direction as the body, 
keeps both officer's and suspect's 
hands in good view majority of the 
time 

CM, FV, PE CM, FV CM, OC CM, FV 

Equal/level with most interactions PE FV PE FV 

To record citizens sitting lower in 
vehicles.  

PE HT HT, OC, FV HT, FV 

gets my interaction without arms 
blocking  

OC FV FV, PE, OC FV 

It recordswithout being in their 
face 

OC FV OC, CM OT 

It shows where the officer is 
looking. 

PE PE PE PE 

Doesn't get in the way of other 
tools and mobility of the body 

OC OC OC OC 

chest area CM UR CM, HT UR 

Fixed position, centered CM CM CM CM 

Most coverage FV FV FV FV 

Captures faces as well their general 
body demeanor/language.   

PE FV PE FV 

I prefer passenger side approaches 
on a traffic stop so this body 
camera position puts the camera 
right in the passenger window 

PE HT HT HT, FV 

It provides the best unobstructed 
view. 

OC FV FV FV 

The camera will see what I see PE PE PE PE 

front view PE UR PE, FV FV 

Best overall view pairing with the 
lens 

FV FV OC, FV FV 

field of view FV FV FV FV 

View of waist up PE FV PE FV 

Eye to eye view PE FV, PE PE PE 

Good experience  UR UR OT UR 

Able to have a full field of view FV FV FV FV 

best field of view and easily seen 
by the public 

FV, OC PE, FV FV, OC FV, PE 

Seeing what officer sees PE PE PE PE 

Liability OT UR OC OT 

Shows good angles.  FV FV FV FV 
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Table I.2 continued 
CENTER MASS CM CM CM CM 

Centralized location CM CM CM CM 

central on the body and away from 
gear 

CM, OC OC, CM CM, HT CM, OC 

Best view  FV FV PE, FV FV 

best field of view FV FV FV FV 

Right position for best view FV FV CM, FV FV 

Good field of view FV FV FV FV 

best general view FV FV PE, FV, OC FV 

center and points where  my body 
points 

CM, PE FV, PE CM, PE CM, PE 

Good view FV FV FV FV 

IT HAS A GOOD ANGLE FV FV FV FV 

center mass  CM CM CM CM 

It depends on the height of the 
person wearing the camera 

HT, PE HT HT HT 

Good level view  FV FV HT, CM FV 

Placement would be key in making 
sure the proper things are recorded 

UR UR HT, CM, OC UR 

catches description of indivisuals 
you are speaking with 

PE PE PE FV 

centered CM CM CM CM 

Strong hand side OC PE OC, CM OC 

Center location CM CM CM CM 

It tends to capture the most for all 
different officer sizes and shapes. 

FV FV HT FV, OC 

It captures the best view FV FV PE, FV FV 

Visibility  OC PE FV UR 

best field of view FV FV FV, PE FV 

full view FV FV FV FV 

Gives the best depiction of an 
officers field of view.  

FV PE FV, PE FV 

Captures their face, body, hands PE FV OC, FV, PE FV 

Unobtrusive and good field of view OC, FV OC, FV OC, FV OC, FV 

It is center mounted CM CM CM CM 

Neutral position and most 
wearable spot 

CM, OC OC CM, OC, HT CM, OC 

Middle of my body and less 
movement from side to side.   

CM, OC CM, FV CM, HT, OC CM, OC 

it appears to be straight on CM FV PE, CM, FV FV 

Out of the way of arms when 
weapon drawn  

OC OC OC FV 

Center mounted  CM CM CM, HT CM 

centrally located CM CM CM CM 

     



 

407 

 

Table I.2 continued 
It was the one solution available 
that wasnt blocked by a raised 
firearm. 

OC OC, FV OC, FV FV 

It shows the citizens face. PE FV PE FV 
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APPENDIX J.  RESPONSES TO SURVEY QUESTION 4.19 

The tables in this appendix pertain to survey question 4.19:  Why do you believe a facial 

recognition feature in bodycams would or would not be useful? 

Table J.1:  Coding legend for survey question 4.19 responses 

Code Meaning Examples 

AT Another tool for officers Aid in redaction; Useful after the fact; Aid in investigations 

ID Identify persons 
Identify those who can't or won't give name; Identify who is in a 
scene 

VE Verify persons 
Citizens giving false names; Confirm identity provided on a scene, 
in court, etc. 

OS Officer safety Early warning; Notification of subjects with warrants 

LP Legal/policy concerns Self-explanatory 

PC Privacy concerns Self-explanatory 

SC 
System concerns 

Video quality, System speed/reliability/connectivity/composition; 
Practicality 

CC Cost concerns Expense, Value 

NS Not sure; unknown Don’t know; Not sure 

UR Unusable response “.”; No comment or N/A; Can't discern meaning 

Table J.2:  Participant-provided responses to survey question 4.19 

Q4.19 Why would/not FR in BWCs be useful? Rater 1 Rater 2 Rater 3 Final 

not sure NS NS NS NS 

The data is only as good as the technology 
behind it. You would have to see results of the 
program to really know. 

SC NS SC SC 

. UR UR UR UR 

Clarity and definition with recordings  SC SC AT SC 

Help identify subjects, persons of interest ID ID ID, AT ID 

I think any tool provided to law enforcement 
would be useful in reference to the 
interactions with the community 

AT AT, OS AT AT 

It has very slight applicable uses SC UR SC SC 

it depends on current case laws and how 
quickly the information was made available to 
the wearer of the body camera 

LP, SC LP LP LP, SC 

Help ID people if needed for a case. ID ID ID ID 
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Table J.2 continued 
IT WILL HELP IDENTIFY PEOPLE IN 
STRESSFUL/DANGEROUS SITUATIONS WHERE 
LAW ENFORMENT DOES NOT GET A CHANCE 
TO 

ID OS, ID ID, OS ID, OS 

Sounds pricey CC CC CC CC 

If it works, it should provide actual identity of 
suspects and persons misidentifying 
themselves to officers. 

ID, VE VE, ID ID, VE ID, VE 

Help to identify subjects new to the officer. 
Less chance of obstructoin with a false name 
given. IF the recognition was realiable. 

ID, VE, SC ID ID, AT, VE ID, VE, SC 

If you were a large enough agency, it would be 
a useful tool in identifying individuals at a 
large scene. 

AT ID ID, CC, AT ID, AT 

for repeat offenders you deal with OS ID VE, AT UR 

I'm not sure. NS NS NS NS 

helps determine other subjects on a scene 
that may be witnesses needed to be contacted 
later. 

ID, AT ID ID ID 

We are pretty small wouldnt need it CC UR CC CC 

It would help identify individuals who do not 
have ID, or are unknown  

ID ID ID ID 

Useful for evidence in court. AT AT LP, AT AT 

Help ID some people  ID ID ID ID 

It may help to ID a suspect ID ID ID ID 

could help id person ID ID ID ID 

not sure NS NS NS NS 

privacy issues PC PC PC PC 

As with most things, there's not an absolute 
solution. I think it will certainly be beneficial in 
certain circumstances but I can also see it 
being a hindrance if you're recording and 
aren't specifically wanting to focus on 
someone's face (weapon, hands in pockets, 
etc...)  

NS SC PC, SC NS 

Generally the individuals we are dealing with, 
we know who they are. We also dont review 
the body camera footage until after we have 
arrested someone or cleared the call, therfore 
the facial recognition would only be beneficial 
after the fact.  

AT AT AT AT 

The camera is a stand alone unit, not 
connected to anything virtual, no databases, 
no facial recognition databases, etc... 

SC UR, SC SC SC 

n/a UR UR UR UR 
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Table J.2 continued 
If the information could be used in real time to 
be able to identify a subject.  

SC, ID ID ID ID, SC 

offcier saftey and for the benifit of the 
community, that way we know who live or is 
visting our neighborhoods. there are lots of 
sex offenders that have been gone from the 
radar and further to identify suspects after 
contact. might be wanted for a serious crime 
or might clear them from fasle acusations 

OS, ID, VE AT OS 
OS, ID, VE, 

AT 

be useful to identify suspects after the fact if 
not arrested at the time of contact 

ID AT, ID AT, ID, VE ID, AT 

It could provide instant feedback on a wanted 
person even when the wanted person is giving 
a false identification. 

ID, VE ID, VE VE ID, VE 

It would assist with wanted subjects who are 
lying about their identity 

ID, VE ID, VE VE ID, VE 

Quick ID of who you may be dealing with  ID ID ID ID 

It would depend on the situation  NS UR SC NS 

Add to a police state  PC PC, LP PC, LP PC 

To identify suspects ID ID ID, VE ID 

if connected to network could aid in officer 
safety updates, wanted subject id etc. with 
live feed 

SC, OS, ID OS, ID OS OS, ID, SC 

Not sure what information would be attached 
to facial inprint? If it would be information 
that was on DL or legal documents that would 
be helpful for identify a peron and for booking 
purpose. 

SC, ID ID LP, ID ID, SC 

would not UR UR UR UR 

Make out jobs easier AT OS SC AT 

I don't know NS NS NS NS 

Assist in identifying someone quickly and 
accurately  

ID, VE ID ID, SC ID, SC 

I might help identify unknown persons ID ID ID ID 

identification of subjects  ID ID ID ID 

Help identify subjects in the field ID ID ID ID 

For violent suspects who flee before their 
name is gathered. Subjects who give false 
names. 

ID, VE VE, ID VE, OS VE, ID 

id of suspects ID ID ID ID 

Takes the guess work out of identifing 
suspects or parties involved 

ID ID ID ID 

False positive identification could happen 
causing a "lead" on the wrong person 

ID, VE SC ID, LP SC 

ID of unknown subjects during investigation, 
issue is time for review of footage 

ID, SC SC, ID SC SC 
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Table J.2 continued 
for doing searches for all incidents of a 
particular subject 

AT AT, ID AT AT 

May assist in identfying a person.   Many 
people we contact are in bad shape and facial 
may not recognize the person 

ID SC, ID ID ID 

Easier identification. ID ID ID ID 

unsure NS NS NS NS 

To know who you are talking to verified VE VE, ID VE VE 

save iD time ID ID SC ID, SC 

N/A UR UR UR UR 

It can help identify other persons or persons 
who cannot speak for any reason 

ID ID ID ID 

Depends on expense CC CC CC CC 

In felony situations yes UR VE, ID AT AT 

help in investigation  AT AT AT AT 

It would help to identify offenders more 
accurately  

ID ID ID ID 

may help positively identify suspects ID ID VE ID, VE 

n/a UR UR UR UR 

Unknown if it would  NS NS NS NS 

Faster suspect identification ID, SC ID SC ID, SC 

No way for me to be notified SC SC SC SC 

positive id in coourt cases VE ID LP ID, VE 

Unknown suspects  ID ID NS ID 

Could ID suspects faster than dispatchers 
would relay that information perhaps. 

ID, SC ID SC ID, SC 

$ cost to return on the $ CC CC CC CC 

With evolving technology, and growing trends 
in domestic terrorism, it can potentially be 
used to identify those involved after the fact 
and possibley before. In addition, assit in 
removing wannted criminals from the street.  

ID, AT VE, ID AT ID, VE, AT 

Isn't it obvious? UR UR UR UR 

Redaction later AT AT, PC AT AT, PC 

Not sure NS NS NS NS 

Might be helpful, but in light of criticism, may 
not be worth the hastle 

NS SC, LP SC NS 

Court Challenges, Big Brother, after recording 
notifications 

LP, PC LP LP, PC LP, PC 

After the fact for identification of suspects AT, ID ID, AT AT AT 

Know who you are dealing with ID, VE ID ID ID 

Help ID people from videos who may have 
esaped police  

ID ID ID ID 

assit with identification to reduce crime to 
identify offenders 

ID AT, ID SC, ID, OS ID, AT 

Faster capture of unknown suspects  AT ID SC AT 
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Table J.2 continued 
Ease of identifying potential subjects that we 
get out with 

ID ID SC ID 

Identify the bad guys  ID ID ID ID 

Becuase they woukd easily be able to identify 
someone if there is a database incorporated 
into the software for the bodycam. 

ID, SC ID SC, ID SC, ID 

Unidentified subjects with warrants OS VE, ID OS, VE, AT ID, AT 

To be able to identify unknown subjects  ID ID ID ID 

It could speed up the process of identifying 
criminals 

ID, SC ID SC ID, SC 

help find those that refuse to give info ID, AT ID ID ID 

ID wanted individuals  ID, OS ID ID ID 

NA UR UR UR UR 

To expensive  CC CC CC CC 

Potential threat/human trafficking ID, OS UR OS AT, OS 

Any tools that help law Enforcement  AT AT AT AT 

Identifying Subjects ID ID ID ID 

Would replace he fingerprint scanner and 
make it accessible to all. Would also lower the 
false info to police ordeal 

ID, VE, SC AT, VE ID, SC, VE VE, AT, SC 

No idea NS NS NS NS 

It would help identify people that have 
interactions with law enforcement and it is 
discovered later that they committed a crime 

ID, AT ID ID, AT ID, AT 

not sure how it would capture a suffuicient 
photo for recognition. what would be the 
purpose? 

SC SC SC SC 

People change their look over time and I do 
not always associate faces with names well on 
my own. 

ID, VE ID SC ID, VE 

Could help identify subject  ID ID ID ID 

It would assist law enforcement with 
identifying involved parties, especially if they 
are lying about who they are. 

ID, VE VE, ID VE, ID VE, ID 

Future identification of possible suspects ID, AT ID ID, AT ID, AT 

Not UR NS UR UR 

Not practical or reliable SC NS SC SC 

N/A UR UR UR UR 

Identify dangerous or wanted subjects ID, OS VE ID, VE, OS ID, OS 

help identify subjects Officer is deeling with. ID ID ID ID 
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Table J.2 continued 
On a case by case basis it'd be useful. On all in-
State driver's license returns I see their DMV 
photograph. It would be helpful for all States 
to provide a DMV photo. The facial 
recognition would assist in confirming 
someone's identity. Generally, it takes 
anywhere between 30-90 minutes to identify 
someone who is uncooperative. 

ID, AT VE SC 
ID, VE, AT, 

SC 

Artificial Intelligence can help recognize 
suspects or wanted persons 

ID, AT ID 
PC, LP, ID, 

VE 
ID 

To locate suspects AT UR ID UR 

another tool AT AT AT AT 

Not sure how the recognition would directly 
assist; would it be delayed information? 

NS, SC NS, SC SC SC 

It would automatically identify each individual 
we interact with 

ID ID SC ID 

Would be able to tell if individuals are being 
truthful with their information. 

VE VE VE VE 

Able to identify people we are attempting to 
identifying  

ID, VE ID ID ID 

Identify individuals who fail to identify 
themselves or capture later 

ID AT, ID ID ID 

When a subject will not give their name during 
an incident.  

ID ID ID ID 

Assists us in identifying subjects who are being 
dishonest 

VE ID VE ID, VE 

Early Warning of Dangerous Felons OS OS OS OS 

no opinion UR UR NS UR 

Will to ID individuals.  ID ID ID ID 

It could help when identifying suspects or 
wanted persons. 

ID, OS VE, ID VE ID 

Interface with local database would be helpful SC AT AT SC, AT 

help identify people ID ID ID ID 

Any technology that assists officers in 
identifying subjects and potentially keeps 
them safe is a valuable resource 

AT, ID OS, ID OS, AT OS, ID, AT 

would help with identifying subjects ID ID ID ID 

technology SC UR SC UR 

Only thing I can think of that would make it 
worthwhile would be that if you had 
somebody that lied about their identity, you 
could watch the body cam later and it may be 
able to tell you who the person is.  But that's 
such a small minority of our contacts with the 
public that it almost doesn't seem worthwhile. 

VE, SC VE VE, SC, CC ID, VE, CC 
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Table J.2 continued 
Anything that could help identify a subject is 
useful 

ID, AT ID AT ID, AT 

too many police contacts don;'t have 
identification or give false information 

ID, VE VE, ID VE, ID ID, VE 

Identifying people we interact with  ID ID ID ID 

Could be useful in identifying subjects seem 
quickly in passing.  

ID ID SC ID 

help in identifing subjects who may have fleed 
and were not taken into custody 

ID AT, ID AT ID, AT 

False names and better follow up  VE VE VE VE 

strict policy and interpretation of law LP LP LP LP 

Depending on needs of the department NS UR SC, CC UR 

Just another tool to identify persons who are 
unwilling to provide truthful names. 

AT, VE ID AT AT, ID, VE 

If it were connected, officers would know who 
the person they are dealing with or talking to. 

SC, ID ID AT, ID ID, SC 

suspect ID ID ID ID ID 

to provide identification of subjects that you 
spoke with but did not get their names. This 
would be helpful if the subject later became a 
suspect.  

ID ID AT, ID ID, AT 

Would allow easy identification ID ID AT ID 

We interact with so many people on a daily 
basis that may have warrants or other officer-
safety information of which we should be 
aware. With facial recognition, we could be 
alerted to this information in a more timely 
manner and thus prevent more officer 
injuries/deaths. Additionally, this would be a 
good investigative tool for verifying persons 
who were present at chaotic incidents 
involving many people. 

OS, ID, VE AT, ID, OS OS, AT, ID 
OS, ID, VE, 

AT 

depends on speed of the recognition and how 
it notifies you who it is.  

SC SC SC SC 

ID violent suspects ID, OS ID OS, ID OS, ID 

Officer safety. OS OS OS OS 

A beneficial tool AT AT AT AT 

depends on the video quality SC SC SC SC 

To identify witnesses/suspect if flee before 
contact 

ID ID VE, OS, ID ID 

Not sure how quick or accurate the 
recognition would be.  

SC SC SC SC 

It would be beneficial for identifying subects 
who refuse to identify themselves or those 
who give a false name. 

ID, VE ID VE ID, VE 
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Table J.2 continued 
Gives the officer the ability to identify 
individuals that may not have been able to be 
identified (ie; fleeing). Also allows officers to 
identify individuals captured in the video that 
may not have been identified as they were not 
potential suspects at a given time. (ie; crowd 
gathering around a suspected arson) 

ID, VE AT, ID AT, VE ID, AT 

To safely identify people during law 
enforcement interaction  

ID ID AT, ID, OS ID 

Know most the people you deal with or are 
able to idea with other means.  

UR ID AT, ID UR 

Generally, we ID who we are talking to, the 
camera is a witness 

AT AT ID, AT, LP AT 

Could help ID suspects ID ID ID ID 

It would be able to link incidents under a 
suspects name and better document history of 
interactions with that suspect 

AT AT, ID AT AT 

Able to identify a person already in a 
database. 

ID, VE ID ID, AT ID 

Help identify suspects, victims, witnesses. ID ID ID, AT ID 

Useful UR UR SC UR 

It would allow an individual to know who they 
were interacting with immediately..  

ID ID ID ID 

I am not sure either way. I dont want to judge 
something that I have limited knowledge 
about.  

NS NS NS NS 

Identify individuals in the background.  
Potential suspects or witnesses. 

ID ID ID ID 

I don't know that it would help identify that 
many people who remain unknown to us after 
investigation 

NS ID SC NS 

wanted subject OS ID AT, OS UR 

Identifying unknown witnesses and suspects ID ID ID ID 

unreliable SC SC SC SC 

Officer safety.  OS OS OS OS 

Fo id ID ID ID ID 

Suspect identication ID ID ID ID 

ability to identify people quickly ID, SC ID SC, AT ID, SC 

more information provides better results AT AT SC AT, SC 

Increased officer safety OS OS OS OS 

quickly identify wanted persons ID ID OS, AT ID, SC 

to positively identify who we are speaking 
with. will help locate suspects 

ID, AT ID ID ID, AT 

NOT A QUICK ENOUGH RESPONSE SC SC SC SC 
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Table J.2 continued 
An officer may not know a person and if facial 
recognition identifies someone it can help in 
later investigation 

ID, SC AT, ID AT ID, AT 

It might seem futuristic but the immediate 
identification of individuals on police contacts 
would be useful 

ID, SC ID AT ID, SC 

It would, quicker identification of individual  ID, SC ID SC ID, SC 

efficient identification of unknown subjects ID, SC ID SC ID, SC 

help in fighting crime and identifying suspects ID ID OS, AT ID 

Easier to ID people ID ID SC, AT ID 

quick id using current computer systems in 
PD's 

ID, SC ID SC ID, SC 

officer safety OS OS OS OS 

Identifying.suspects ID ID ID ID 

USUALLY I CAN IDENTIFY WHO I AM TALKING 
TO USING MY WORDS 

UR NS SC UR 

violation of 4th amendment LP LP PC, LP LP 

It depends on how accurate it would be SC SC SC SC 

Help out officers AT AT AT AT 

Not everyone we come in contat with is 
identified and it might be useful depending on 
situations or some brief encounter 

ID ID ID ID 

N/A UR UR UR UR 

arrests UR UR AT UR 

We could identify people who try to miss lead 
us by providing false names  

ID, VE ID VE ID, VE 

Identify subjects being recorded  ID ID ID ID 

Might help identified wanted persons ID, OS ID VE ID 

To help identify unknown subjects  ID ID ID ID 

Easier to ID and log subjects ID, AT AT, ID AT ID, AT 

It would allow easier identfication of 
individuals suspected of crimes 

ID ID ID ID 

get information quicker SC ID SC SC 

Another resource for officers to help identify 
the subjects they encounter.  

AT, ID ID AT AT, ID 

Not all officers know All the commonly 
encountered people 

ID ID AT, ID ID 

Confirming identities at a scene VE ID ID VE 

added ability to confirm identity ID VE VE VE 

Help identify people ID ID ID ID 

Anything to help identify persons would be 
helpful.   

ID, AT ID AT, ID ID, AT 

cant hurt UR UR UR UR 

Yes UR UR UR UR 

. UR UR UR UR 
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Table J.2 continued 
N/A UR UR UR UR 

Might help to properly ID suspects ID ID ID ID 

When someone refuses to identify 
themselves, if they were dealt with before it 
would id them. 

ID, VE ID ID ID 
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APPENDIX K.  PHASE 1 ANALYSIS TABLES 

The tables presented in this section are the contingency tables used in Phase 1 analysis. 

 Tables begin on the following page.
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Table K.1:  Contingency table of responses to “Would a facial recognition feature in BWCs be useful?” by respondent age  

Opinion on Usefulness of Facial Recognition Feature in BWCs by Officer Age 

  Age 
Opinion of Usefulness 21-30 31-40 41-50 51-60 61+ Not Provided Total 

 n % n % n % n % n % n % n % 

Definitely yes 15 7.04% 20 9.39% 31 14.55% 8 3.76% 4 1.88% 1 0.47% 79 37.09% 

Probably yes 16 7.51% 20 9.39% 17 7.98% 16 7.51% 2 0.94% 1 0.47% 72 33.80% 

Might or might not 7 3.29% 18 8.45% 17 7.98% 5 2.35% 0 0.00% 2 0.94% 49 23.00% 

Probably not 0 0.00% 2 0.94% 7 3.29% 0 0.00% 2 0.94% 0 0.00% 11 5.16% 

Definitely not 0 0.00% 1 0.47% 0 0.00% 1 0.47% 0 0.00% 0 0.00% 2 0.94% 

Total 38 17.84% 61 28.64% 72 33.80% 30 14.08% 8 3.76% 4 1.88% 213 100% 

Note:  Percentages in table are of total within officer age 
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Table K.2:  Contingency table of responses to “Would a facial recognition feature in BWCs be useful?” by department type 

Opinion on Usefulness of Facial Recognition Feature in BWCs by Department Type 

 Department Type 

Opinion of Usefulness Police Department Sheriff’s Office Public Safety Total 

 n % n % n % n % 

Definitely yes 41 19.25% 36 16.90% 2 0.94% 79 37.09% 

Probably yes 42 19.72% 29 13.62% 1 0.47% 72 33.80% 

Might or might not 26 12.21% 23 10.80% 0 0.00% 49 23.00% 

Probably not 4 1.88% 7 3.29% 0 0.00% 11 5.16% 

Definitely not 1 0.47% 1 0.47% 0 0.00% 2 0.94% 

Total 114 53.52% 96 45.07% 3 1.41% 213 100% 

Note:  Percentages in table are of total within department type  
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Table K.3:  Contingency table of responses to “Would a facial recognition feature in BWCs be useful?” by department use of BWCs 

Opinion on Usefulness of Facial Recognition Feature in BWCs by Department Use of BWCs 

 Department Uses BWCs 

Opinion of Usefulness Yes No Total 

 n % n % n % 

Definitely yes 75 35.21% 4 1.88% 79 37.09% 

Probably yes 64 30.05% 8 3.76% 72 33.80% 

Might or might not 43 20.19% 6 2.82% 49 23.00% 

Probably not 11 5.16% 0 0.00% 11 5.16% 

Definitely not 2 0.94% 0 0.00% 2 0.94% 

Total 195 91.55% 18 8.45% 213 100% 

Note:  Percentages in table are of total within department use of BWCs  
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Table K.4:  Contingency table of responses to “Would a facial recognition feature in BWCs be useful?” by respondent education level 

Opinion on Usefulness of Facial Recognition Feature in BWCs by Officer Education 

 
Highest Level of Education Completed 

Opinion of Usefulness High School 

Some 

College 

Associate’s 

Degree 

Bachelor’s 

Degree 

Master’s 

Degree 

Doctoral 

Degree Not Provided Total 

 n % n % n % n % n % n % n % n % 

Definitely yes 5 2.35% 21 9.86% 13 6.10% 32 15.02% 7 3.29% 0 0.00% 1 0.47% 79 37.09% 

Probably yes 4 1.88% 18 8.45% 13 6.10% 27 12.68% 9 4.23% 0 0.00% 1 0.47% 72 33.80% 

Might or might not 7 3.29% 9 4.23% 14 6.57% 6 2.82% 10 4.69% 1 0.47% 2 0.94% 49 23.00% 

Probably not 1 0.47% 2 0.94% 1 0.47% 6 2.82% 0 0.00% 1 0.47% 0 0.00% 11 5.16% 

Definitely not 0 0.00% 1 0.47% 0 0.00% 1 0.47% 0 0.00% 0 0.00% 0 0.00% 2 0.94% 

Total 17 7.98% 51 23.94% 41 19.25% 72 33.80% 26 12.21% 2 0.94% 4 1.88% 213 100% 

Note:  Percentages in table are of total within officer education  
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Table K.5:  Contingency table of responses to “Would a facial recognition feature in BWCs be useful?” by respondent rank 

Opinion on Usefulness of Facial Recognition Feature in BWCs by Officer Rank 

 
Rank 

Opinion of Usefulness 

Deputy, 

Patrolman, 

Officer         

(all classes) 

Corporal, 

Detective, 

Investigator Sergeant Lieutenant Captain Major 

 n % n % n % n % n % n % 

Definitely yes 35 16.43% 14 6.57% 12 5.63% 7 3.29% 4 1.88% 0 0.00% 

Probably yes 26 12.21% 9 4.23% 14 6.57% 4 1.88% 5 2.35% 0 0.00% 

Might or might not 17 7.98% 9 4.23% 7 3.29% 2 0.94% 2 0.94% 0 0.00% 

Probably not 4 1.88% 0 0.00% 2 0.94% 0 0.00% 2 0.94% 1 0.47% 

Definitely not 1 0.47% 0 0.00% 1 0.47% 0 0.00% 0 0.00% 0 0.00% 

Total 83 38.97% 32 15.02% 36 16.90% 13 6.10% 13 6.10% 1 0.47% 

Note:  Percentages in table are of total within officer rank  

 

Opinion on Usefulness of Facial Recognition Feature in BWCs by Officer Rank  

 
Rank 

 

Opinion of Usefulness 

Commander, 

Assistant or 

Deputy 

Chief/Sheriff  Chief, Sheriff Other Not Provided Total 

 n % n % n % n % n % 

Definitely yes 1 0.47% 4 1.88% 2 0.94% 0 0.00% 79 37.09% 

Probably yes 2 0.94% 9 4.23% 1 0.47% 2 0.94% 72 33.80% 

Might or might not 4 1.88% 5 2.35% 2 0.94% 1 0.47% 49 23.00% 

Probably not 0 0.00% 2 0.94% 0 0.00% 0 0.00% 11 5.16% 

Definitely not 0 0.00% 0 0.00% 0 0.00% 0 0.00% 2 0.94% 

Total 7 3.29% 20 9.39% 5 2.35% 3 1.41% 213 100% 

Note:  Percentages in table are of total within officer rank  
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Table K.6:  Contingency table of responses to “Would a facial recognition feature in BWCs be useful?” by respondent shift 

Opinion on Usefulness of Facial Recognition Feature in BWCs by Officer Shift 

 Shift Worked 

Opinion of Usefulness Mostly Days Mostly Nights 

Roughly Equal               

Days and Nights Total 

 n % n % n % n % 

Definitely yes 48 22.54% 15 7.04% 16 7.51% 79 37.09% 

Probably yes 44 20.66% 13 6.10% 15 7.04% 72 33.80% 

Might or might not 31 14.55% 10 4.69% 8 3.76% 49 23.00% 

Probably not 6 2.82% 2 0.94% 3 1.41% 11 5.16% 

Definitely not 1 0.47% 0 0.00% 1 0.47% 2 0.94% 

Total 130 61.03% 40 18.78% 43 20.19% 213 100% 

Note:  Percentages in table are of total within officer shift  
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Table K.7:  Contingency table of responses to “Would a facial recognition feature in BWCs be 

useful?” by respondent use of BWCs 

Opinion on Usefulness of Facial Recognition Feature in BWCs by Use of BWCs in Current 

Position 

 Uses BWC in Current Position 

Opinion of Usefulness Yes No Total 

 n % n % n % 

Definitely yes 63 29.58% 16 7.51% 79 37.09% 

Probably yes 54 25.35% 18 8.45% 72 33.80% 

Might or might not 34 15.96% 15 7.04% 49 23.00% 

Probably not 6 2.82% 5 2.35% 11 5.16% 

Definitely not 2 0.94% 0 0.00% 2 0.94% 

Total 159 74.65% 54 25.35% 213 100% 

Note:  Percentages in table are of total within officers’ use of BWCs in current positions  
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Table K.8:  Contingency table of responses regarding perceived ideal BWC mounting location by respondent age  

Opinion on Ideal BWC Mounting Location by Officer Age 

  Age 

Ideal Mount Location 21-30 31-40 41-50 51-60 61+ Not Provided Total 

 n % n % n % n % n % n % n % 

Center Head 1 0.47% 0 0.00% 6 2.82% 0 0.00% 0 0.00% 0 0.00% 7 3.29% 

Right Temple 1 0.47% 6 2.82% 4 1.88% 1 0.47% 0 0.00% 1 0.47% 13 6.10% 

Left Temple 0 0.00% 4 1.88% 1 0.47% 2 0.94% 0 0.00% 0 0.00% 7 3.29% 

Right Shoulder 0 0.00% 0 0.00% 1 0.47% 2 0.94% 1 0.47% 1 0.47% 5 2.35% 

Left Shoulder 1 0.47% 0 0.00% 0 0.00% 1 0.47% 0 0.00% 0 0.00% 2 0.94% 

Top Chest 8 3.76% 20 9.39% 20 9.39% 10 4.69% 6 2.82% 0 0.00% 64 30.05% 

Right Chest 0 0.00% 2 0.94% 2 0.94% 2 0.94% 1 0.47% 0 0.00% 7 3.29% 

Center Chest 22 10.33% 22 10.33% 35 16.43% 12 5.63% 0 0.00% 2 0.94% 93 43.66% 

Left Chest 2 0.94% 3 1.41% 0 0.00% 0 0.00% 0 0.00% 0 0.00% 5 2.35% 

Left Ribs 1 0.47% 2 0.94% 1 0.47% 0 0.00% 0 0.00% 0 0.00% 4 1.88% 

Left Belly 0 0.00% 1 0.47% 0 0.00% 0 0.00% 0 0.00% 0 0.00% 1 0.47% 

Center Belly 2 0.94% 1 0.47% 2 0.94% 0 0.00% 0 0.00% 0 0.00% 5 2.35% 

Total 38 17.84% 61 28.64% 72 33.80% 30 14.08% 8 3.76% 4 1.88% 213 100% 

Note:  Percentages in table are of total within officer age 
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Table K.9:  Contingency table of responses regarding perceived ideal BWC mounting location by department type 

Opinion on Ideal BWC Mounting Location by Department Type 

 Department Type 

Ideal Mount Location Police Department Sheriff’s Office Public Safety Total 

 n % n % n % n % 

Center Head 5 2.35% 2 0.94% 0 0.00% 7 3.29% 

Right Temple 4 1.88% 8 3.76% 1 0.47% 13 6.10% 

Left Temple 3 1.41% 3 1.41% 1 0.47% 7 3.29% 

Right Shoulder 1 0.47% 4 1.88% 0 0.00% 5 2.35% 

Left Shoulder 2 0.94% 0 0.00% 0 0.00% 2 0.94% 

Top Chest 25 11.74% 39 18.31% 0 0.00% 64 30.05% 

Right Chest 2 0.94% 5 2.35% 0 0.00% 7 3.29% 

Center Chest 61 28.64% 31 14.55% 1 0.47% 93 43.66% 

Left Chest 3 1.41% 2 0.94% 0 0.00% 5 2.35% 

Left Ribs 3 1.41% 1 0.47% 0 0.00% 4 1.88% 

Left Belly 1 0.47% 0 0.00% 0 0.00% 1 0.47% 

Center Belly 4 1.88% 1 0.47% 0 0.00% 5 2.35% 

Total 114 53.52% 96 45.07% 3 1.41% 213 100% 

Note:  Percentages in table are of total within department type  
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Table K.10:  Contingency table of responses regarding perceived ideal BWC mounting location by department use of BWCs 

Opinion on Ideal BWC Mounting Location by Department Use of BWCs 

 Department Uses BWCs 

Ideal Mount Location Yes No Total 

 n % n % n % 

Center Head 5 2.35% 2 0.94% 7 3.29% 

Right Temple 12 5.63% 1 0.47% 13 6.10% 

Left Temple 6 2.82% 1 0.47% 7 3.29% 

Right Shoulder 4 1.88% 1 0.47% 5 2.35% 

Left Shoulder 2 0.94% 0 0.00% 2 0.94% 

Top Chest 60 28.17% 4 1.88% 64 30.05% 

Right Chest 7 3.29% 0 0.00% 7 3.29% 

Center Chest 85 39.91% 8 3.76% 93 43.66% 

Left Chest 5 2.35% 0 0.00% 5 2.35% 

Left Ribs 4 1.88% 0 0.00% 4 1.88% 

Left Belly 1 0.47% 0 0.00% 1 0.47% 

Center Belly 4 1.88% 1 0.47% 5 2.35% 

Total 195 91.55% 18 8.45% 213 100% 

Note:  Percentages in table are of total within department use of BWCs  
 

 



 

 

 

4
2
9
 

 

 

 

 

Table K.11:  Contingency table of responses regarding perceived ideal BWC mounting location by respondent education level 

Opinion on Ideal BWC Mounting Location by Officer Education 

 
Highest Level of Education Completed 

Ideal Mount Location High School 

Some 

College 

Associate’s 

Degree 

Bachelor’s 

Degree 

Master’s 

Degree 

Doctoral 

Degree Not Provided Total 

 n % n % n % n % n % n % n % n % 

Center Head 0 0.00% 1 0.47% 3 1.41% 2 0.94% 1 0.47% 0 0.00% 0 0.00% 7 3.29% 

Right Temple 1 0.47% 4 1.88% 2 0.94% 4 1.88% 1 0.47% 0 0.00% 1 0.47% 13 6.10% 

Left Temple 0 0.00% 0 0.00% 3 1.41% 4 1.88% 0 0.00% 0 0.00% 0 0.00% 7 3.29% 

Right Shoulder 0 0.00% 2 0.94% 1 0.47% 0 0.00% 1 0.47% 0 0.00% 1 0.47% 5 2.35% 

Left Shoulder 0 0.00% 2 0.94% 0 0.00% 0 0.00% 0 0.00% 0 0.00% 0 0.00% 2 0.94% 

Top Chest 7 3.29% 12 5.63% 10 4.69% 23 10.80% 11 5.16% 1 0.47% 0 0.00% 64 30.05% 

Right Chest 0 0.00% 3 1.41% 2 0.94% 0 0.00% 2 0.94% 0 0.00% 0 0.00% 7 3.29% 

Center Chest 8 3.76% 24 11.27% 17 7.98% 32 15.02% 9 4.23% 1 0.47% 2 0.94% 93 43.66% 

Left Chest 0 0.00% 0 0.00% 0 0.00% 5 2.35% 0 0.00% 0 0.00% 0 0.00% 5 2.35% 

Left Ribs 1 0.47% 1 0.47% 1 0.47% 1 0.47% 0 0.00% 0 0.00% 0 0.00% 4 1.88% 

Left Belly 0 0.00% 0 0.00% 1 0.47% 0 0.00% 0 0.00% 0 0.00% 0 0.00% 1 0.47% 

Center Belly 0 0.00% 2 0.94% 1 0.47% 1 0.47% 1 0.47% 0 0.00% 0 0.00% 5 2.35% 

Total 17 7.98% 51 23.94% 41 19.25% 72 33.80% 26 12.21% 2 0.94% 4 1.88% 213 100% 

Note:  Percentages in table are of total within officer education  
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Table K.12:  Contingency table of responses regarding perceived ideal BWC mounting location by respondent rank 

Opinion on Ideal BWC Mounting Location by Officer Rank 

 
Rank 

Ideal Mount Location 

Deputy, 

Patrolman, Officer         

(all classes) 

Corporal, 

Detective, 

Investigator Sergeant Lieutenant Captain Major 

 n % n % n % n % n % n % 

Center Head 2 0.94% 1 0.47% 0 0.00% 1 0.47% 2 0.94% 0 0.00% 

Right Temple 6 2.82% 0 0.00% 3 1.41% 2 0.94% 1 0.47% 0 0.00% 

Left Temple 2 0.94% 3 1.41% 1 0.47% 0 0.00% 1 0.47% 0 0.00% 

Right Shoulder 1 0.47% 1 0.47% 1 0.47% 1 0.47% 0 0.00% 0 0.00% 

Left Shoulder 2 0.94% 0 0.00% 0 0.00% 0 0.00% 0 0.00% 0 0.00% 

Top Chest 19 8.92% 11 5.16% 8 3.76% 4 1.88% 3 1.41% 1 0.47% 

Right Chest 3 1.41% 2 0.94% 0 0.00% 1 0.47% 0 0.00% 0 0.00% 

Center Chest 43 20.19% 8 3.76% 20 9.39% 4 1.88% 6 2.82% 0 0.00% 

Left Chest 2 0.94% 2 0.94% 1 0.47% 0 0.00% 0 0.00% 0 0.00% 

Left Ribs 1 0.47% 2 0.94% 1 0.47% 0 0.00% 0 0.00% 0 0.00% 

Left Belly 1 0.47% 0 0.00% 0 0.00% 0 0.00% 0 0.00% 0 0.00% 

Center Belly 1 0.47% 2 0.94% 1 0.47% 0 0.00% 0 0.00% 0 0.00% 

Total 83 38.97% 32 15.02% 36 16.90% 13 6.10% 13 6.10% 1 0.47% 

Note:  Percentages in table are of total within officer rank  
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Table K.12 continued 

Opinion on Ideal BWC Mounting Location by Officer Rank  

 
Rank 

Ideal Mount Location 

Commander, 

Assistant or 

Deputy 

Chief/Sheriff  Chief, Sheriff Other Not Provided Total 

 n % n % n % n % n % 

Center Head 1 0.47% 0 0.00% 0 0.00% 0 0.00% 7 3.29% 

Right Temple 0 0.00% 0 0.00% 1 0.47% 0 0.00% 13 6.10% 

Left Temple 0 0.00% 0 0.00% 0 0.00% 0 0.00% 7 3.29% 

Right Shoulder 0 0.00% 0 0.00% 0 0.00% 0 0.00% 5 2.35% 

Left Shoulder 0 0.00% 0 0.00% 0 0.00% 0 0.00% 2 0.94% 

Top Chest 5 2.35% 10 4.69% 2 0.94% 1 0.47% 64 30.05% 

Right Chest 0 0.00% 1 0.47% 0 0.00% 0 0.00% 7 3.29% 

Center Chest 1 0.47% 8 3.76% 2 0.94% 1 0.47% 93 43.66% 

Left Chest 0 0.00% 0 0.00% 0 0.00% 1 0.47% 5 2.35% 

Left Ribs 0 0.00% 0 0.00% 0 0.00% 0 0.00% 4 1.88% 

Left Belly 0 0.00% 0 0.00% 0 0.00% 0 0.00% 1 0.47% 

Center Belly 0 0.00% 1 0.47% 0 0.00% 0 0.00% 5 2.35% 

Total 7 3.29% 20 9.39% 5 2.35% 3 1.41% 213 100% 

Note:  Percentages in table are of total within officer rank  
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Table K.13:  Contingency table of responses regarding perceived ideal BWC mounting location by shift  

Opinion on Ideal BWC Mounting Location by Officer Shift 

 Shift Worked 

Ideal Mount Location Mostly Days Mostly Nights 

Roughly Equal              

Days and Nights Total 

 n % n % n % n % 

Center Head 5 2.35% 1 0.47% 1 0.47% 7 3.29% 

Right Temple 9 4.23% 1 0.47% 3 1.41% 13 6.10% 

Left Temple 5 2.35% 2 0.94% 0 0.00% 7 3.29% 

Right Shoulder 4 1.88% 0 0.00% 1 0.47% 5 2.35% 

Left Shoulder 0 0.00% 1 0.47% 1 0.47% 2 0.94% 

Top Chest 42 19.72% 8 3.76% 14 6.57% 64 30.05% 

Right Chest 4 1.88% 2 0.94% 1 0.47% 7 3.29% 

Center Chest 56 26.29% 22 10.33% 15 7.04% 93 43.66% 

Left Chest 0 0.00% 1 0.47% 4 1.88% 5 2.35% 

Left Ribs 1 0.47% 1 0.47% 2 0.94% 4 1.88% 

Left Belly 1 0.47% 0 0.00% 0 0.00% 1 0.47% 

Center Belly 3 1.41% 1 0.47% 1 0.47% 5 2.35% 

Total 130 61.03% 40 18.78% 43 20.19% 213 100% 

Note:  Percentages in table are of total within officer shift  
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Table K.14:  Contingency table of responses regarding perceived ideal BWC mounting location 

by respondent use of BWCs 

Opinion on Ideal BWC Mounting Location by Use of BWCs in Current Position 

 Uses BWC in Current Position 

Ideal Mount Location Yes No Total 

 n % n % n % 

Center Head 5 2.35% 2 0.94% 7 3.29% 

Right Temple 9 4.23% 4 1.88% 13 6.10% 

Left Temple 4 1.88% 3 1.41% 7 3.29% 

Right Shoulder 2 0.94% 3 1.41% 5 2.35% 

Left Shoulder 2 0.94% 0 0.00% 2 0.94% 

Top Chest 44 20.66% 20 9.39% 64 30.05% 

Right Chest 6 2.82% 1 0.47% 7 3.29% 

Center Chest 74 34.74% 19 8.92% 93 43.66% 

Left Chest 5 2.35% 0 0.00% 5 2.35% 

Left Ribs 4 1.88% 0 0.00% 4 1.88% 

Left Belly 1 0.47% 0 0.00% 1 0.47% 

Center Belly 3 1.41% 2 0.94% 5 2.35% 

Total 159 74.65% 54 25.35% 213 100% 

Note:  Percentages in table are of total within officers’ use of BWCs in current positions  
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Table K.15:  Condensing responses to “Would a facial recognition feature in BWCs be useful?” 

Condensed Responses to Opinion on Usefulness of Facial Recognition in BWCs 

Opinion of Usefulness (Original) Opinion of Usefulness (Condensed) 

Definitely Yes Yes 

Probably Yes Yes 

Might or Might Not Maybe 

Probably Not No 

Definitely Not No 

Note:  Responses were condensed into a maximum of three categories per 

variable to permit Fisher-Freeman-Halton tests of r x c contingency tables 

Table K.16:  Condensing responses to perceived ideal BWC mounting location 

Condensed Responses to Opinion on Ideal BWC Mounting Location 

Ideal Mount Location (Original) Ideal Mount Location (Condensed) 

Center Head Head 

Right Temple Head 

Left Temple Head 

Right Shoulder Upper Trunk 

Left Shoulder Upper Trunk 

Top Chest Upper Trunk 

Right Chest Upper Trunk 

Center Chest Upper Trunk 

Left Chest Upper Trunk 

Right Ribs Lower Trunk 

Left Ribs Lower Trunk 

Right Belly Lower Trunk 

Center Belly Lower Trunk 

Left Belly Lower Trunk 

Note:  Responses were condensed into a maximum of three categories per 

variable to permit Fisher-Freeman-Halton tests of r x c contingency tables 
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Table K.17:  Condensing responses to respondent age 

Condensed Responses to Self-Reported Age 

Age Range (Original) Age Range (Condensed) 

21 – 25  21 – 35  

26 – 30  21 – 35  

31 – 35  21 – 35  

36 – 40  36 – 50  

41 – 45  36 – 50  

46 - 50 36 – 50  

51 – 55  51+ 

56 – 60  51+ 

61 – 65  51+ 

66+ 51+ 

Not Provided Excluded 

Notes:  Responses were condensed into a maximum of three 

categories per variable to permit Fisher-Freeman-Halton 

tests of r x c contingency tables 

 

“Not Provided” responses, n  = 4 

Table K.18:  Condensing responses to highest level of education completed 

Condensed Responses to Education Level 

Education (Original) Education (Condensed) 

High School High School or Some College 

Some College High School or Some College 

Associate Degree Associate or Bachelor’s 

Bachelor’s Degree Associate or Bachelor’s 

Master’s Degree Master’s or Doctoral 

Doctoral Degree Master’s or Doctoral 

Not Provided Excluded 

Notes:  Responses were condensed into a maximum of three categories per 

variable to permit Fisher-Freeman-Halton tests of r x c contingency tables 

 

“Not Provided” responses, n  = 4 
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Table K.19:  Condensing responses to participant rank 

Condensed Responses to Rank 

Rank (Original) Rank (Condensed) 

Deputy, Patrolman, Officer (all classes) Low-Ranking 

Corporal, Detective, Investigator Low-Ranking 

Sergeant Mid-Grade 

Lieutenant Mid-Grade 

Captain Mid-Grade 

Major Mid-Grade 

Assistant/Deputy Chief or Sheriff, Commander High-Ranking 

Chief or Sheriff High-Ranking 

Other or Not Provided Excluded 

Notes:  Responses were condensed into a maximum of three categories per variable to permit 

Fisher-Freeman-Halton tests of r x c contingency tables 

 

“Other” and “Not Provided” responses, n  = 8 

Table K.20:  Observed and expected values for ideal BWC mount location by department type  

 Ideal BWC Mounting Location by Department Type, Observed and Expected Values 

 Department Type 

Ideal Mount Location Police Department Sheriff’s Office Public Safety Total 

Head     

     Observed 12 13 2 27 

     Expected 14.45 12.17 0.38 27 

     (O-E)2/E 0.42 0.06 6.90  

Upper Trunk     

     Observed 94 81 1 176 

     Expected 94.20 79.32 2.48 276 

     (O-E)2/E 0.00 0.04 0.88  

Lower Trunk     

     Observed 8 2 0 10 

     Expected 5.35 4.51 0.14 10 

     (O-E)2/E 1.31 1.40 0.14  

Total (O, E) 114 96 3 213 

Note:  Responses were condensed into a maximum of three categories per variable to permit 

Fisher-Freeman-Halton tests of r x c contingency tables 
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APPENDIX L.  PHASE 2 ANALYSIS TABLES 

 

Table L.1:  Results of factorial ANOVA for Phase 2 image quality scores  

Factorial ANOVA Results Table, Phase 2 Transformed Image Quality Scores  

Source SS (Type III ) df MS F p 

Corrected Model 5063.63a 808 6.27 15.36 <0.001 

Intercept 52.70 1 52.70 129.12 <0.001 

Camera 3.52 2 1.76 4.31 0.02 

Distance 3.65 4 0.91 2.24 0.07 

Height 4.92 9 0.55 1.34 0.22 

Pitch 12.22 3 4.07 9.98 <0.001 

Yaw 21.11 6 3.52 8.62 <0.001 

Camera x Distance 4.26 5 0.85 2.09 0.07 

Camera x Height 11.86 14 0.85 2.08 0.02 

Camera x Pitch 43.20 6 7.20 17.64 <0.001 

Camera x Yaw 39.45 12 3.29 8.05 <0.001 

Distance x Height 22.88 36 0.64 1.56 0.03 

Distance x Pitch 10.21 12 0.85 2.09 0.02 

Distance x Yaw 18.39 24 0.77 1.88 0.01 

Height x Pitch 8.82 27 0.33 0.80 0.75 

Height x Yaw 17.53 54 0.32 0.80 0.83 

Pitch x Yaw 15.98 18 0.89 2.17 0.01 

Camera x Distance x Height 6.95 15 0.46 1.14 0.33 

Camera x Distance x Pitch 8.82 8 1.10 2.70 0.01 

Camera x Distance x Yaw 6.00 9 0.67 1.63 0.11 

Camera x Height x Pitch 8.11 19 0.43 1.05 0.41 

Camera x Height x Yaw 18.57 35 0.53 1.30 0.14 

Camera x Pitch x Yaw 13.55 11 1.23 3.02 <0.001 

Distance x Height x Pitch 38.87 76 0.51 1.25 0.12 

Distance x Height x Yaw 74.55 154 0.48 1.19 0.15 

Distance x Pitch x Yaw 20.27 51 0.40 0.97 0.53 

Height x Pitch x Yaw 39.06 114 0.34 0.84 0.84 

Error 62.44 153 0.41    

Total 13310.00 962    

Corrected Total 5126.07 961    

a. R Squared = .99 (Adjusted R Squared = .92) 
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Figure L.1:  Syntax used to execute simple two-way interactions for Phase 2 data in SPSS 

 

Figure L.1:  Syntax used to execute simple main effects for Phase 2 data in SPSS  
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Table L.2:  Simple main effect of BWC model on image quality 

Simple Main Effect of BWC Model on Transformed Image Quality Scores 

Yaw (°) Pitch (°) SS (Type III ) df MS F p 

-45 0 4.32 2 2.16 5.29 0.01 

  10 2.08 1 2.08 5.09 0.03 

  20 9.16 2 4.58 11.22 <0.001 

  30 4.70 2 2.35 5.75 <0.001 

-30 0 3.66 2 1.83 4.48 0.01 

  10 7.40 2 3.70 9.07 <0.001 

  20 3.52 2 1.76 4.31 0.02 

  30 59.65 1 59.65 146.15 <0.001 

-15 0 3.06 2 1.53 3.75 0.03 

  10 0.12 2 0.06 0.14 0.87 

  20 113.53 2 56.76 139.08 <0.001 

  30 247.82 1 247.82 607.22 <0.001 

0 0 0.15 2 0.07 0.18 0.84 

  10 64.30 2 32.15 78.77 <0.001 

  20 233.59 1 233.59 572.34 <0.001 

  30 381.01 1 381.01 933.56 <0.001 

15 0 0.55 2 0.27 0.67 0.51 

  10 57.84 2 28.92 70.85 <0.001 

  20 249.08 2 124.54 305.15 <0.001 

  30 276.27 1 276.27 676.91 <0.001 

30 0 11.35 2 5.67 13.90 <0.001 

  10 0.87 2 0.44 1.07 0.35 

  20 42.63 1 42.63 104.46 <0.001 

  30 135.18 1 135.18 331.23 <0.001 

45 0 1.74 1 1.74 4.26 0.04 

  10 0.91 2 0.45 1.11 0.33 

  20 3.13 2 1.57 3.84 0.02 

  30 22.36 2 11.18 27.40 <0.001 

Note:  User-specified SS = 62.443510, df = 153 
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Table L.3:  Simple main effect of BWC distance on image quality 

Simple Main Effect of BWC Distance to Target on Transformed Image Quality Scores 

BWC Model Yaw (°) SS (Type III ) df MS F p 

Axon_AUG -45 5.10 2 2.55 6.25 <0.001 

  -30 1.70 3 0.57 1.39 0.25 

  -15 0.77 1 0.77 1.88 0.17 

  0 0.33 1 0.33 0.82 0.37 

  15 1.24 1 1.24 3.05 0.08 

  30 0.00 1 0.00 0.01 0.93 

  45 0.01 1 0.01 0.02 0.90 

Axon_SEP -45 3.13 3 1.04 2.56 0.06 

  -30 1.70 3 0.57 1.39 0.25 

  -15 4.36 3 1.45 3.56 0.02 

  0 1.64 3 0.55 1.34 0.26 

  15 7.00 3 2.33 5.72 <0.001 

  30 3.05 3 1.02 2.49 0.06 

  45 0.10 2 0.05 0.12 0.88 

Yuly_SEP -45 2.85 2 1.43 3.50 0.03 

  -30 27.04 3 9.01 22.09 <0.001 

  -15 32.01 4 8.00 19.61 <0.001 

  0 39.65 4 9.91 24.29 <0.001 

  15 36.74 4 9.19 22.51 <0.001 

  30 18.92 3 6.31 15.45 <0.001 

  45 10.43 2 5.21 12.77 <0.001 

Note:  User-specified SS = 62.443510, df = 153 
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Table L.4:  Simple main effect of BWC pitch on image quality 

Simple Main Effect of BWC Lens Pitch Angle on Transformed Image Quality Scores 

BWC Model Height (in.) SS (Type III ) df MS F p 

Axon_AUG 36 0.75 2 0.38 0.92 0.40 

  42 0.37 3 0.12 0.30 0.82 

  48 10.10 3 3.37 8.25 <0.001 

  54 0.14 1 0.14 0.35 0.56 

Axon_SEP 36 4.18 3 1.39 3.41 0.02 

  42 5.74 3 1.91 4.68 <0.001 

  54 5.18 2 2.59 6.35 <0.001 

  60 8.85 3 2.95 7.23 <0.001 

Yuly_SEP 36 140.79 3 46.93 114.99 <0.001 

  42 325.99 3 108.66 266.25 <0.001 

  48 304.19 3 101.40 248.44 <0.001 

  54 327.75 3 109.25 267.68 <0.001 

  60 239.89 3 79.96 195.93 <0.001 

Note:  User-specified SS = 62.443510, df = 153 
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Table L.5:  Simple main effect of BWC yaw on image quality 

Simple Main Effect of BWC Lens Yaw Angle on Transformed Image Quality Scores 

BWC Model Height (in.) SS (Type III ) df MS F p 

Axon_AUG 36 0.33 1 0.33 0.80 0.37 

  42 0.45 3 0.15 0.37 0.78 

  48 4.51 6 0.75 1.84 0.09 

  54 1.19 3 0.40 0.97 0.41 

Axon_SEP 36 15.17 6 2.53 6.19 0.00 

  42 3.97 5 0.79 1.95 0.09 

  54 9.99 6 1.66 4.08 0.00 

  60 15.36 6 2.56 6.27 0.00 

Yuly_SEP 36 654.56 6 109.09 267.30 0.00 

  42 478.37 6 79.73 195.35 0.00 

  48 185.10 6 30.85 75.59 0.00 

  54 20.86 4 5.21 12.78 0.00 

  60 0.55 2 0.28 0.68 0.51 

Note:  User-specified SS = 62.443510, df = 153 
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Table L.6:  Table of pairwise comparisons for BWC model, distance to target, and pitch angle 

Pairwise Comparisons for BWC Model, Distance to Target, and BWC Lens Pitch 

 

95% Confidence 

Interval 

Distance (In.) Pitch (°) BWC Model 1 BWC Model 2 MD SE p LB UB 

36 0 Axon_AUG Axon_SEP .a         

     Yuly_SEP .a         

    Axon_SEP Axon_AUG .c         

     Yuly_SEP 0.31 0.75 0.68 -1.17 1.79 

    Yuly_SEP Axon_AUG .c         

     Axon_SEP -0.31 0.75 0.68 -1.79 1.17 

  10 Axon_AUG Axon_SEP 1.27 1.58 1.00 -2.51 5.05 

     Yuly_SEP -0.56 1.51 1.00 -4.19 3.07 

    Axon_SEP Axon_AUG -1.27 1.58 1.00 -5.05 2.51 

     Yuly_SEP -1.83* 0.55 <0.001 -3.15 -0.52 

    Yuly_SEP Axon_AUG 0.56 1.51 1.00 -3.07 4.19 

     Axon_SEP 1.83* 0.55 <0.001 0.52 3.15 

  20 Axon_AUG Axon_SEP 2.05 1.54 0.55 -1.63 5.73 

     Yuly_SEP -0.26 1.51 1.00 -3.88 3.36 

    Axon_SEP Axon_AUG -2.05 1.54 0.55 -5.73 1.63 

     Yuly_SEP -2.31* 0.39 <0.001 -3.25 -1.37 

    Yuly_SEP Axon_AUG 0.26 1.51 1.00 -3.36 3.88 

     Axon_SEP 2.31* 0.39 <0.001 1.37 3.25 

  30 Axon_AUG Axon_SEP 1.07 1.55 1.00 -2.63 4.78 

     Yuly_SEP -2.30 1.51 0.38 -5.91 1.32 
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Table L.6 continued 

    Axon_SEP Axon_AUG -1.07 1.55 1.00 -4.78 2.63 

     Yuly_SEP -3.37* 0.43 <0.001 -4.40 -2.34 

    Yuly_SEP Axon_AUG 2.30 1.51 0.38 -1.32 5.91 

     Axon_SEP 3.37* 0.43 <0.001 2.34 4.40 

42 0 Axon_AUG Axon_SEP 0.46 1.12 1.00 -2.22 3.14 

     Yuly_SEP 0.50 1.12 1.00 -2.17 3.18 

    Axon_SEP Axon_AUG -0.46 1.12 1.00 -3.14 2.22 

     Yuly_SEP 0.04 0.51 1.00 -1.17 1.26 

    Yuly_SEP Axon_AUG -0.50 1.12 1.00 -3.18 2.17 

     Axon_SEP -0.04 0.51 1.00 -1.26 1.17 

  10 Axon_AUG Axon_SEP 1.09 0.78 0.49 -0.78 2.96 

     Yuly_SEP -0.46 0.72 1.00 -2.18 1.26 

    Axon_SEP Axon_AUG -1.09 0.78 0.49 -2.96 0.78 

     Yuly_SEP -1.55* 0.47 <0.001 -2.68 -0.41 

    Yuly_SEP Axon_AUG 0.46 0.72 1.00 -1.26 2.18 

     Axon_SEP 1.55* 0.47 <0.001 0.41 2.68 

  20 Axon_AUG Axon_SEP 0.39 0.78 1.00 -1.48 2.26 

     Yuly_SEP -2.15* 0.70 0.01 -3.83 -0.47 

    Axon_SEP Axon_AUG -0.39 0.78 1.00 -2.26 1.48 

     Yuly_SEP -2.54* 0.45 <0.001 -3.61 -1.47 

    Yuly_SEP Axon_AUG 2.15* 0.70 0.01 0.47 3.83 

     Axon_SEP 2.54* 0.45 <0.001 1.47 3.61 

  30 Axon_AUG Axon_SEP -0.22 1.13 1.00 -2.93 2.50 

     Yuly_SEP -3.93* 1.07 <0.001 -6.51 -1.35 

    Axon_SEP Axon_AUG 0.22 1.13 1.00 -2.50 2.93 

     Yuly_SEP -3.72* 0.44 <0.001 -4.78 -2.66 

    Yuly_SEP Axon_AUG 3.93* 1.07 <0.001 1.35 6.51 

     Axon_SEP 3.72* 0.44 <0.001 2.66 4.78 
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Table L.6 continued 

48 0 Axon_AUG Axon_SEP .c         

     Yuly_SEP 1.41* 0.63 0.03 0.17 2.65 

    Axon_SEP Axon_AUG .a         

     Yuly_SEP .a         

    Yuly_SEP Axon_AUG -1.41* 0.63 0.03 -2.65 -0.17 

     Axon_SEP .c         

  10 Axon_AUG Axon_SEP .c         

     Yuly_SEP -0.24 0.61 0.69 -1.43 0.94 

    Axon_SEP Axon_AUG .a         

     Yuly_SEP .a         

    Yuly_SEP Axon_AUG 0.24 0.61 0.69 -0.94 1.43 

     Axon_SEP .c         

  20 Axon_AUG Axon_SEP .c         

     Yuly_SEP -3.05* 0.65 <0.001 -4.33 -1.77 

    Axon_SEP Axon_AUG .a         

     Yuly_SEP .a         

    Yuly_SEP Axon_AUG 3.05* 0.65 <0.001 1.77 4.33 

     Axon_SEP .c         

  30 Axon_AUG Axon_SEP .c         

     Yuly_SEP -3.13* 1.51 0.04 -6.10 -0.16 

    Axon_SEP Axon_AUG .a         

     Yuly_SEP .a         

    Yuly_SEP Axon_AUG 3.13* 1.51 0.04 0.16 6.10 

     Axon_SEP .c         

54 0 Axon_AUG Axon_SEP .c         

     Yuly_SEP 0.81 1.25 0.52 -1.65 3.26 

    Axon_SEP Axon_AUG .a         

     Yuly_SEP .a         
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Table L.6 continued 

    Yuly_SEP Axon_AUG -0.81 1.25 0.52 -3.26 1.65 

     Axon_SEP .c         

  10 Axon_AUG Axon_SEP -1.23 0.91 0.53 -3.40 0.95 

     Yuly_SEP -1.39 0.77 0.22 -3.24 0.47 

    Axon_SEP Axon_AUG 1.23 0.91 0.53 -0.95 3.40 

     Yuly_SEP -0.16 0.72 1.00 -1.90 1.57 

    Yuly_SEP Axon_AUG 1.39 0.77 0.22 -0.47 3.24 

     Axon_SEP 0.16 0.72 1.00 -1.57 1.90 

  20 Axon_AUG Axon_SEP .a         

     Yuly_SEP .a         

    Axon_SEP Axon_AUG .c         

     Yuly_SEP -3.48* 0.43 <0.001 -4.32 -2.63 

    Yuly_SEP Axon_AUG .c         

     Axon_SEP 3.48* 0.43 <0.001 2.63 4.32 

  30 Axon_AUG Axon_SEP .a         

     Yuly_SEP .a         

    Axon_SEP Axon_AUG .c         

     Yuly_SEP -5.72* 0.43 <0.001 -6.56 -4.89 

    Yuly_SEP Axon_AUG .c         

     Axon_SEP 5.72* 0.43 <0.001 4.89 6.56 

60 0 Axon_AUG Axon_SEP .a         

     Yuly_SEP .a         

    Axon_SEP Axon_AUG .c         

     Yuly_SEP 1.46 0.94 0.12 -0.39 3.31 

    Yuly_SEP Axon_AUG .c         

     Axon_SEP -1.46 0.94 0.12 -3.31 0.39 

  10 Axon_AUG Axon_SEP .a         

     Yuly_SEP .a         
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Table L.6 continued 

    Axon_SEP Axon_AUG .c         

     Yuly_SEP -0.83 0.49 0.09 -1.79 0.14 

    Yuly_SEP Axon_AUG .c         

     Axon_SEP 0.83 0.49 0.09 -0.14 1.79 

  20 Axon_AUG Axon_SEP .a         

     Yuly_SEP .a         

    Axon_SEP Axon_AUG .c         

     Yuly_SEP -4.10* 0.43 <0.001 -4.93 -3.26 

    Yuly_SEP Axon_AUG .c         

     Axon_SEP 4.10* 0.43 <0.001 3.26 4.93 

  30 Axon_AUG Axon_SEP .a         

     Yuly_SEP .a         

    Axon_SEP Axon_AUG .c         

     Yuly_SEP -5.91* 0.40 <0.001 -6.69 -5.13 

    Yuly_SEP Axon_AUG .c         

     Axon_SEP 5.91* 0.40 <0.001 5.13 6.69 

Notes:  Based on estimated marginal means  

*. The mean difference is significant at the .05 level. 

a. The level combination of factors in (I) is not observed. 

c. The level combination of factors in (J) is not observed. 

d. Adjustment for multiple comparisons: Bonferroni. 
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 Table L.7:  Table of pairwise comparisons for BWC model, pitch angle, and yaw angle 

Pairwise Comparisons for BWC Model, BWC Lens Pitch, and BWC Lens Yaw 

 

95% Confidence 

Interval 

Pitch (°) Yaw (°) BWC Model 1 BWC Model 2 MD SE p LB UB 

0 -45 Axon_AUG Axon_SEP 0.68 1.05 1.00 -1.83 3.20 

      Yuly_SEP 1.73 0.96 0.22 -0.58 4.04 

    Axon_SEP Axon_AUG -0.68 1.05 1.00 -3.20 1.83 

      Yuly_SEP 1.05 0.61 0.27 -0.43 2.52 

    Yuly_SEP Axon_AUG -1.73 0.96 0.22 -4.04 0.58 

      Axon_SEP -1.05 0.61 0.27 -2.52 0.43 

  -30 Axon_AUG Axon_SEP 0.70 0.61 0.77 -0.78 2.17 

      Yuly_SEP 1.75 0.83 0.11 -0.24 3.73 

    Axon_SEP Axon_AUG -0.70 0.61 0.77 -2.17 0.78 

      Yuly_SEP 1.05 0.72 0.43 -0.67 2.77 

    Yuly_SEP Axon_AUG -1.75 0.83 0.11 -3.73 0.24 

      Axon_SEP -1.05 0.72 0.43 -2.77 0.67 

  -15 Axon_AUG Axon_SEP -0.24 0.69 1.00 -1.91 1.42 

      Yuly_SEP 1.05 0.74 0.47 -0.73 2.83 

    Axon_SEP Axon_AUG 0.24 0.69 1.00 -1.42 1.91 

      Yuly_SEP 1.29 0.69 0.19 -0.37 2.95 

    Yuly_SEP Axon_AUG -1.05 0.74 0.47 -2.83 0.73 

      Axon_SEP -1.29 0.69 0.19 -2.95 0.37 

  0 Axon_AUG Axon_SEP 0.24 0.74 1.00 -1.54 2.02 

      Yuly_SEP 0.29 0.68 1.00 -1.35 1.93 

    Axon_SEP Axon_AUG -0.24 0.74 1.00 -2.02 1.54 

      Yuly_SEP 0.05 0.44 1.00 -1.01 1.10 
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Table L.7 continued 

    Yuly_SEP Axon_AUG -0.29 0.68 1.00 -1.93 1.35 

      Axon_SEP -0.05 0.44 1.00 -1.10 1.01 

  15 Axon_AUG Axon_SEP 0.17 0.98 1.00 -2.18 2.52 

      Yuly_SEP 0.52 0.96 1.00 -1.79 2.83 

    Axon_SEP Axon_AUG -0.17 0.98 1.00 -2.52 2.18 

      Yuly_SEP 0.35 0.49 1.00 -0.83 1.53 

    Yuly_SEP Axon_AUG -0.52 0.96 1.00 -2.83 1.79 

      Axon_SEP -0.35 0.49 1.00 -1.53 0.83 

  30 Axon_AUG Axon_SEP -0.12 0.59 1.00 -1.53 1.28 

      Yuly_SEP 1.794* 0.69 0.03 0.13 3.46 

    Axon_SEP Axon_AUG 0.12 0.59 1.00 -1.28 1.53 

      Yuly_SEP 1.917* 0.52 <0.001 0.66 3.17 

    Yuly_SEP Axon_AUG -1.794* 0.69 0.03 -3.46 -0.13 

      Axon_SEP -1.917* 0.52 <0.001 -3.17 -0.66 

  45 Axon_AUG Axon_SEP .b         

      Yuly_SEP .b         

    Axon_SEP Axon_AUG .c         

      Yuly_SEP 0.89 0.61 0.15 -0.31 2.10 

    Yuly_SEP Axon_AUG .c         

      Axon_SEP -0.89 0.61 0.15 -2.10 0.31 

10 -45 Axon_AUG Axon_SEP .b         

      Yuly_SEP .b         

    Axon_SEP Axon_AUG .c         

      Yuly_SEP 0.65 0.41 0.11 -0.15 1.45 

    Yuly_SEP Axon_AUG .c         

      Axon_SEP -0.65 0.41 0.11 -1.45 0.15 

  -30 Axon_AUG Axon_SEP 0.54 0.53 0.94 -0.74 1.81 

      Yuly_SEP 1.676* 0.57 0.01 0.30 3.05 
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Table L.7 continued 

    Axon_SEP Axon_AUG -0.54 0.53 0.94 -1.81 0.74 

      Yuly_SEP 1.14 0.53 0.10 -0.14 2.41 

    Yuly_SEP Axon_AUG -1.676* 0.57 0.01 -3.05 -0.30 

      Axon_SEP -1.14 0.53 0.10 -2.41 0.14 

  -15 Axon_AUG Axon_SEP -0.14 0.64 1.00 -1.68 1.40 

      Yuly_SEP 0.02 0.57 1.00 -1.34 1.39 

    Axon_SEP Axon_AUG 0.14 0.64 1.00 -1.40 1.68 

      Yuly_SEP 0.16 0.43 1.00 -0.87 1.20 

    Yuly_SEP Axon_AUG -0.02 0.57 1.00 -1.39 1.34 

      Axon_SEP -0.16 0.43 1.00 -1.20 0.87 

  0 Axon_AUG Axon_SEP 0.14 0.95 1.00 -2.15 2.42 

      Yuly_SEP -2.655* 0.92 0.01 -4.87 -0.45 

    Axon_SEP Axon_AUG -0.14 0.95 1.00 -2.42 2.15 

      Yuly_SEP -2.794* 0.33 <0.001 -3.58 -2.01 

    Yuly_SEP Axon_AUG 2.655* 0.92 0.01 0.45 4.87 

      Axon_SEP 2.794* 0.33 <0.001 2.01 3.58 

  15 Axon_AUG Axon_SEP -0.45 0.52 1.00 -1.70 0.79 

      Yuly_SEP -2.672* 0.49 <0.001 -3.84 -1.51 

    Axon_SEP Axon_AUG 0.45 0.52 1.00 -0.79 1.70 

      Yuly_SEP -2.219* 0.30 <0.001 -2.95 -1.49 

    Yuly_SEP Axon_AUG 2.672* 0.49 <0.001 1.51 3.84 

      Axon_SEP 2.219* 0.30 <0.001 1.49 2.95 

  30 Axon_AUG Axon_SEP 0.33 0.96 1.00 -1.98 2.64 

      Yuly_SEP 0.66 0.93 1.00 -1.58 2.90 

    Axon_SEP Axon_AUG -0.33 0.96 1.00 -2.64 1.98 

      Yuly_SEP 0.33 0.39 1.00 -0.61 1.26 

    Yuly_SEP Axon_AUG -0.66 0.93 1.00 -2.90 1.58 

      Axon_SEP -0.33 0.39 1.00 -1.26 0.61 
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Table L.7 continued 

  45 Axon_AUG Axon_SEP -0.31 0.52 1.00 -1.55 0.93 

      Yuly_SEP 0.09 0.45 1.00 -1.00 1.18 

    Axon_SEP Axon_AUG 0.31 0.52 1.00 -0.93 1.55 

      Yuly_SEP 0.40 0.38 0.88 -0.51 1.31 

    Yuly_SEP Axon_AUG -0.09 0.45 1.00 -1.18 1.00 

      Axon_SEP -0.40 0.38 0.88 -1.31 0.51 

20 -45 Axon_AUG Axon_SEP 0.25 0.49 1.00 -0.93 1.42 

      Yuly_SEP 1.185* 0.46 0.03 0.09 2.28 

    Axon_SEP Axon_AUG -0.25 0.49 1.00 -1.42 0.93 

      Yuly_SEP .938* 0.34 0.02 0.11 1.76 

    Yuly_SEP Axon_AUG -1.185* 0.46 0.03 -2.28 -0.09 

      Axon_SEP -.938* 0.34 0.02 -1.76 -0.11 

  -30 Axon_AUG Axon_SEP -1.14 0.69 0.29 -2.79 0.50 

      Yuly_SEP -1.36 0.67 0.13 -2.96 0.24 

    Axon_SEP Axon_AUG 1.14 0.69 0.29 -0.50 2.79 

      Yuly_SEP -0.22 0.31 1.00 -0.95 0.52 

    Yuly_SEP Axon_AUG 1.36 0.67 0.13 -0.24 2.96 

      Axon_SEP 0.22 0.31 1.00 -0.52 0.95 

  -15 Axon_AUG Axon_SEP -1.45 0.69 0.11 -3.11 0.22 

      Yuly_SEP -4.485* 0.66 <0.001 -6.06 -2.91 

    Axon_SEP Axon_AUG 1.45 0.69 0.11 -0.22 3.11 

      Yuly_SEP -3.039* 0.30 <0.001 -3.75 -2.32 

    Yuly_SEP Axon_AUG 4.485* 0.66 <0.001 2.91 6.06 

      Axon_SEP 3.039* 0.30 <0.001 2.32 3.75 

  0 Axon_AUG Axon_SEP .b         

      Yuly_SEP .b         

    Axon_SEP Axon_AUG .c         

      Yuly_SEP -5.141* 0.31 <0.001 -5.74 -4.54 
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Table L.7 continued 

    Yuly_SEP Axon_AUG .c         

      Axon_SEP 5.141* 0.31 <0.001 4.54 5.74 

  15 Axon_AUG Axon_SEP -0.14 0.93 1.00 -2.38 2.10 

      Yuly_SEP -4.664* 0.92 <0.001 -6.87 -2.46 

    Axon_SEP Axon_AUG 0.14 0.93 1.00 -2.10 2.38 

      Yuly_SEP -4.528* 0.27 <0.001 -5.17 -3.89 

    Yuly_SEP Axon_AUG 4.664* 0.92 <0.001 2.46 6.87 

      Axon_SEP 4.528* 0.27 <0.001 3.89 5.17 

  30 Axon_AUG Axon_SEP .b         

      Yuly_SEP .b         

    Axon_SEP Axon_AUG .c         

      Yuly_SEP -1.858* 0.26 <0.001 -2.36 -1.35 

    Yuly_SEP Axon_AUG .c         

      Axon_SEP 1.858* 0.26 <0.001 1.35 2.36 

  45 Axon_AUG Axon_SEP -0.01 0.70 1.00 -1.70 1.67 

      Yuly_SEP -0.67 0.68 0.96 -2.30 0.95 

    Axon_SEP Axon_AUG 0.01 0.70 1.00 -1.67 1.70 

      Yuly_SEP -0.66 0.36 0.20 -1.52 0.20 

    Yuly_SEP Axon_AUG 0.67 0.68 0.96 -0.95 2.30 

      Axon_SEP 0.66 0.36 0.20 -0.20 1.52 

30 -45 Axon_AUG Axon_SEP 0.85 0.58 0.42 -0.53 2.24 

      Yuly_SEP 0.13 0.57 1.00 -1.23 1.49 

    Axon_SEP Axon_AUG -0.85 0.58 0.42 -2.24 0.53 

      Yuly_SEP -0.73 0.32 0.08 -1.50 0.05 

    Yuly_SEP Axon_AUG -0.13 0.57 1.00 -1.49 1.23 

      Axon_SEP 0.73 0.32 0.08 -0.05 1.50 

  -30 Axon_AUG Axon_SEP .b         

      Yuly_SEP .b         
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Table L.7 continued 

    Axon_SEP Axon_AUG .c         

      Yuly_SEP -2.564* 0.30 <0.001 -3.16 -1.97 

    Yuly_SEP Axon_AUG .c         

      Axon_SEP 2.564* 0.30 <0.001 1.97 3.16 

  -15 Axon_AUG Axon_SEP .b         

      Yuly_SEP .b         

    Axon_SEP Axon_AUG .c         

      Yuly_SEP -5.332* 0.31 <0.001 -5.94 -4.73 

    Yuly_SEP Axon_AUG .c         

      Axon_SEP 5.332* 0.31 <0.001 4.73 5.94 

  0 Axon_AUG Axon_SEP .b         

      Yuly_SEP .b         

    Axon_SEP Axon_AUG .c         

      Yuly_SEP -5.411* 0.25 <0.001 -5.90 -4.92 

    Yuly_SEP Axon_AUG .c         

      Axon_SEP 5.411* 0.25 <0.001 4.92 5.90 

  15 Axon_AUG Axon_SEP .b         

      Yuly_SEP .b         

    Axon_SEP Axon_AUG .c         

      Yuly_SEP -5.835* 0.32 <0.001 -6.46 -5.21 

    Yuly_SEP Axon_AUG .c         

      Axon_SEP 5.835* 0.32 <0.001 5.21 6.46 

  30 Axon_AUG Axon_SEP .b         

      Yuly_SEP .b         

    Axon_SEP Axon_AUG .c         

      Yuly_SEP -3.579* 0.28 <0.001 -4.13 -3.03 

    Yuly_SEP Axon_AUG .c         

      Axon_SEP 3.579* 0.28 <0.001 3.03 4.13 
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Table L.7 continued 

  45 Axon_AUG Axon_SEP 0.11 0.95 1.00 -2.16 2.37 

      Yuly_SEP -1.67 0.94 0.23 -3.91 0.58 

    Axon_SEP Axon_AUG -0.11 0.95 1.00 -2.37 2.16 

      Yuly_SEP -1.773* 0.35 <0.001 -2.61 -0.94 

    Yuly_SEP Axon_AUG 1.67 0.94 0.23 -0.58 3.91 

      Axon_SEP 1.773* 0.35 <0.001 0.94 2.61 

      Yuly_SEP .b         

    Axon_SEP Axon_AUG .c         

      Yuly_SEP -5.411* 0.25 <0.001 -5.90 -4.92 

    Yuly_SEP Axon_AUG .c         

      Axon_SEP 5.411* 0.25 <0.001 4.92 5.90 

Notes:  Based on estimated marginal means  

*. The mean difference is significant at the .05 level. 

a. The level combination of factors in (I) is not observed. 

c. The level combination of factors in (J) is not observed. 

d. Adjustment for multiple comparisons: Bonferroni. 
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APPENDIX M.  PHASE 3 TABLES AND FIGURES 

 

 

Table M.1:  Results of factorial ANOVA for Phase 3 image quality scores 

Factorial ANOVA Results Table, Phase 3 Transformed Image Quality Scores 

Source SS (Type III ) df MS F p 

Corrected Model 20700.51a 23 900.02 695.14 <0.001 

Intercept 111459.60 1 111459.60 86087.26 <0.001 

FRTargetSID 11449.92 3 3816.64 2947.83 <0.001 

MovementCondition 786.49 2 393.24 303.73 <0.001 

BWCWearerMoving 601.47 1 601.47 464.55 <0.001 

FRTargetSID x 

MovementCondition 

655.00 6 109.17 84.32 <0.001 

FRTargetSID x 

BWCWearerMoving 

356.28 3 118.76 91.73 <0.001 

MovementCondition x 

BWCWearerMoving 

397.66 2 198.83 153.57 <0.001 

FRTargetSID x 

MovementCondition x 

BWCWearerMoving 

457.38 6 76.23 58.88 <0.001 

Error 52747.23 40740 1.29   

Total 242986.00 40764    

Corrected Total 73447.74 40763    

a. R Squared = .28 (Adjusted R Squared = .28) 

 

  



 

456 

 

 

Figure M.1:  Syntax used to execute simple two-way comparisons of Phase 3 data in SPSS 

  

Figure M.2:  Syntax used to execute simple two-way comparisons of Phase 3 data in SPSS 
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Figure M.3:  Syntax to execute simple pairwise comparisons of Phase 3 data in SPSS
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Figure M.4:  DET curves for the hip flexion movement condition (logarithmic scale); start position through ±30º 
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Figure M.4 continued 
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Figure M.5:  DET curves for the knee flexion movement condition (logarithmic scale); start position through +10º and -30º 
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Figure M.6:  DET curves for the rotation movement condition (logarithmic scale); start position through ±30º  
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Figure M.6 continued 
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Fig. 2: LEO opinions regarding usefulness of FR-enabled BWCs

n = 213
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Background
➢ Body-worn cameras (BWCs) are a popular tool in law enforcement

➢ Amazon, Inc. has tested facial recognition (FR) in police BWCs in at 

least two United States cities[1]

➢ FR is sensitive to changes in pose, illumination, environment[2]

➢ Video-based FR is impacted by additional factors (e.g., camera 

specifications, subject movement)[2]

➢ BWC specifications, form factors vary from one maker to another

➢ Differences affect mounting location, camera field of view (FOV)

➢ Officer height, department policy on mounting location may further 

affect camera FOV

Knowledge gap: Given the challenges associated with video-based FR, 

and the uncontrolled environments in which law enforcement officers 

(LEOs) work, are LEO BWCs suitable FR capture devices?

Significance:  Acceptance of FR technology in law enforcement varies 

nationwide; some cities have employed it[3], others have not, some have 

banned it completely[4].  What does the evidence support?

Research Questions
1. Does a BWC wearer’s trunk movement in 

the transverse plane (clockwise and counter-

clockwise rotation from the hips) affect the 

target’s match score?

2. Does a BWC wearer’s trunk movement in 

the sagittal plane (flexion and extension from 

the hips) affect the target’s match score?

3. Does a BWC wearer’s trunk movement in 

the coronal plane (flexion and extension of the 

knees) affect the target’s match score?

Discussion

➢ Phase 1: Survey

➢ Purpose:

➢ Sample LEO opinions on utility of FR in BWCs

➢ Gather data on BWC mounting locations to inform Phase 2 parameters

➢ Convenience sample of current sworn law enforcement officers in 15 states (N = 235)

➢ Phase 2: “Pole test” (evaluate single-subject image quality with pole-mounted BWC)

➢ Purpose:

➢ Examine effects of BWC orientation on image quality; record in Low HD (720p)

➢ Examine effects of BWC specifications (lens type, FOV) on image quality

➢ 2a:  One camera, 1800 positions (5 distances, 10 heights, 4 pitches, 9 yaw angles)

➢ 2b:  Two cameras, 1800 positions each; improved illumination

➢ 2c:  Three cameras, 27 positions each; 12”-36” between camera and subject

➢ Camera A: 143°FOV, fisheye lens

➢ Camera B: 140°FOV, flat lens

➢ Camera C: 78°FOV, flat lens

➢ Phase 3: Evaluation of single-subject match score as BWC moves;                                            

testing protocol in development

Results to Date

Fig. 4: LEO responses on current (L) and 

ideal (R) BWC mounting positions

Fig. 1: Scene diagram 

for Phases 2a and 2b

The data were acquired using the IRB protocols titled “Pilot Test of Body-Worn Camera 

Positioning Effects on Facial Recognition” and “Comparative Test of Body- Worn 

Camera Positioning Effects on Facial Recognition,” approved by Purdue University

Does a law enforcement officer’s body 

position in the interview stance affect the 

suitability for facial recognition of images 

captured by the officer’s BWC?
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5a 5b 5c

Phase 

(Camera)

2a 

(Cam A)

2b 

(Cam A)

2b 

(Cam B)

2c 

(Cam A)

2c 

(Cam B)

2c 

(Cam C)

Quality Scores 0 – 10 0 – 11*** 0 – 51*** 7 – 61*** 53 – 65*** 58 – 81***

IOD Range (px) 26 – 37 25 – 39 24 – 43 38 – 122* 45 – 157* 63 – 171*

*p<0.05    **p<0.01   ***p<0.001

Table 1: Image quality score and IOD ranges by phase
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 2Fig. 3: LEO responses regarding why FR-

enabled BWCs or would not be useful in law 

enforcement

➢ LEOs surveyed:  FR-enabled BWCs would be useful (Fig. 2)

➢ Why? Identify persons who cannot/will not self-ID (Fig. 3)

➢ Why not? Legal and privacy concerns, cost concerns (Fig. 3)

➢ BWC mounting locations (Fig. 4)

➢ Center torso most common current 

mounting location

➢ Head, upper chest perceived as 

better/ideal mounting locations for 

recording citizen interactions

➢ Poor image quality results in 2a (Camera A) not expected (Fig. 5a)

➢ Additional scene lighting improved quality in Phase 2b (Fig. 5b)

➢ BWC proximity to subject improved quality in Phase 2c (Fig. 5c)

➢ Image quality scores generally improved as interocular distance (IOD) 

increased (Table 1)

➢ No clear relationship between single BWC position (inclusive of distance, height, pitch, 

yaw) and image quality score over Phases 2a-c

➢ Analysis of each element of position (distance, height, pitch, yaw) suggested the following:

➢ Phase 2a (Camera A only):  Fisheye lens appears to affect image quality

➢ Expected highest quality score: BWC 48” from subject, optical axis 46” from ground, 

10°pitch, -30°yaw

➢ Actual highest quality score: BWC 36” from subject, optical axis 41” from ground, 

20°pitch, -45°yaw 

➢ Phase 2b (Cameras A and B):  Flat lens yielded higher image quality score range

➢ Expected highest quality score: Camera B 36” from subject, optical axis 46” from 

ground, 0°pitch, 0°yaw

➢ Actual highest quality score: Camera B, but tied across six different positions; BWC 

either 54” or 60” from subject, optical axis ranging from 41-46” from ground, 30°pitch, 

0-10°yaw

➢ Phase 2c (Cameras A, B, and C):  Small sample size; FOV had no apparent impact on 

image quality
Limitations

Fig. 5: Number of images captured vs. number image quality scores returned, by phase

Analysis

➢ Assessment of “ideal” BWC position (Phase 2b) above is based on image counts

➢ Despite poor image quality, Camera A will be used in Phase 3 due to popularity with LEOs
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