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Abstract

The emerging growth of video-related services, increasing user involvement in activ-
ities such as video editing capturing, searching and viewing. This phenomenon has been
observed during last decades and user’s spent time has dramatically increased. The
massive video libraries have given rise and impose urgent demands on near-duplicate
video detection. The key roles in this task are to provide video recommendation to
users, preform a copyright detection, and much more important, to search videos in a
large video collection. The latest discoveries in the area of near-duplicate detection,
as well as related topics include low level feature extraction, signature generation, but
also high dimensional indexing.

The task of this paper is to systematically investigate existing approaches in near-
duplicate video detection, as well as, its variant definition, describing the framework
and summarizing state-of-the-art.

1 Applications

The exponential growth of video-related services on the web, have brought user inter-
ests in video related activities. According to estimation of comScore, nearly 77% of the
total Internet users in USA had has experience with online video. Modern network infras-
tructure support delivering high quality video services direct to user home, giving them
opportunity to edit and store video clips, all these contribute to substantial percentage
of near-duplicates, referred as near-duplicate videos (NDVs) [Law-To et al. 2006; Shen
et al. 2007; Law-To et al. 2007]. For some user queries on the Web, number of NDVs
reaches 93% [Wu et al. 2007]. The surprising number of NDVs imposes heavily demand for
Near-Duplicate Video Detection (NDVD), as it is vital for many novel applications such
as web video reranking, video copyright violation detection, video monitoring, etc.

Video monitoring. Manual monitoring of live broadcasting is expensive. The companies
need information when and if their video product commercial is broadcasted live on TV or
any other broadcasting service. The system should provide mechanism, allowing company
to give video clip as a query, returning the information when the commercial appears in
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the TV program, its, frequency and other related parameters.

Copyright protection. Content providers usually find their video products uploaded by
other users without their permissions. These activities may cause finical loss. In order
to eliminate such activities copyright protection is concrete need. With appropriate tech-
niques, video host providers and content owners can much easily check copyright violation.

Video Recommendation. Current video recommendation systems can be improved to
enhance user experience in video websites. When user show expresses interest for some
video, the user will also be interested in other near-duplicate videos [Cherubini et al. 2009].
Todays retrieve systems only use context information, by applying near-duplicate video re-
trieval techniques, the whole process can be much improved.

Video Reranking. Very often we see the same videos on the top a list of the retrieved
videos. First and very application is to preform appropriate handling of NDVs to improve
novelty of search. The idea is to reduce ”noise” in sense that video with different content
share the similar or the same metadata information. One of the effective ways is to remove
NDVs from top of the list [Wu et al. 2007], by other author is proposed to cluster and
group results and show the most representative one of each cluster [Huang et al. 2010].
The ranking can be also preformed obtaining different information like subtitles, resolution
of videos, and formats [Huang et al. 2010].

Video Thread Tracking. The idea behind this application is to track the same event
taken by different mass media [Zhao et al. 2007]. This is especially useful for crawling
news videos of the same event. The video shares very similar visual content, but different
audio and/or subtitles.

TODO Add something about organization of the paper

1.1 Various definition of Near-duplicate videos

As a relatively new topic, NDVD had a variety of definitions on NDV. The definitions
shown in the Table I, are the most representative ones.
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Reference Definition

[Wu et al. 2007] Identical or approximately identical videos close to the ex-
act duplicate of each other, but different in file formats, en-
coding parameters, photometric variations (color, lighting
changes), editing operations (caption, logo and border in-
sertion), different lengths, and certain modifications (frames
add/remove).

[Shen et al. 2007] Clips that are similar or nearly duplicate of each other, but
appear differently due to various changes introduced dur-
ing capturing time (camera view point and setting, lighting
condition, background, foreground, etc.), transformations
(video format, frame rate, resize, shift, crop, gamma, con-
trast, brightness, saturation, blur, age, sharpen, etc.), and
editing operations (frame insertion, deletion, swap and con-
tent modification).

[Law-To et al. 2007] Video content is semantically identical but differs only in
photometric or geometric transformations.

[Basharat et al. 2008] Videos of the same scene (e.g., a person riding a bike) vary-
ing viewpoints, sizes, appearances, bicycle type, and camera
motions. The same semantic concept can occur under dif-
ferent illumination, appearance, and scene settings, just to
name a few.

[Cherubini et al. 2009] NDVs are approximately identical videos that might differ in
encoding parameters, photometric variations (color, lighting
changes), editing operations (captions, or logo insertion), or
audio overlays. Identical videos with relevant complemen-
tary information in any of them (changing clip length or
scenes) are not considered as NDVs. Two different videos
with distinct people, and scenarios were considered to be
NDVs if they shared the same semantics and none of the
pairs has additional information.

The first definition by [Wu et al. 2007] is the strictest, including only identical and
approximately identical videos for the exactly same visual information with minor photo-
graphic changes and editions. [Shen et al. 2007]’s definition of NDV extends definition to
the videos with the same semantic concept but the differences are introduce during captur-
ing time, including geometric and photometric settings. [Basharat et al. 2008] has much
looser definition in which videos with the same semantic concept under certain circum-
stances are NDVs. Some authors as [Cherubini et al. 2009] wanted to involve user-centric
definition and he performed a large-scale online survey to examine the real user’s concept of
NDV. The results show that human reception matches many technical definitions by [Wu
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et al. 2007] and [Shen et al. 2007], but on another hand, some of the technically demanding
features, such as find the subsequence in spread in one video clip, are not considered as
NDV in his research results.

Currently, there is no single recognized definition of NDV. In current research work [Wu
et al. 2007]’s and [Shen et al. 2007]’s definitions appear in the most. However, summary of
all definition can be done that NDVs should carry very similar visual information, which
indicate the same semantics.

2 General Workflow

In NDVD a video is regarded as a sequence of frames. With the same video can be asso-
ciated some other information, typically text descriptions and other annotations, subtitles
and etc. In some approaches audio information is considered, but in this paper the visual
information as prominent is only used for detection. The whole process can be separated
on offline, where signature generation and signature management is performed. The online
part manages the search video for query video as input.

Usually, there are some preprocessing steps, to somehow normalize video files and filter
exactly the same duplicate. The approach where the first stage is to generate really compact
representation (or summaries) in order to filter almost the same copies, followed by more
exhaustive process of extractions of higher level features is called hierarchical. In order to
achieve fast, when the video libraries contain a lot of videos, the signature management
component is necessary. This component includes indexing, but also feature fusion if
multiple features were extracted in previous step. In the online process, after signature
generation for query video, if the signature is grater than or equal to a predefined similarity
threshold - ε, the video is regarded as NDV.

3 State of the art

In this chapter state of the art research is presented. The section covers low-level feature
extraction, signature and signature generation, as well as, signature indexing methods.
The end of the section will be dedicated to evaluation criteria. Speaking about low-level
feature, in this paper is referred to the raw visual information, such as, color histogram,
moment, color correlogram, edge direction, etc. The term video signature detonates more
the whole video structure, which include segments, shots, etc. on witch we preform search.

A definition of video signature can be expressed as high-level video summary derived
from low-level features. Although, there are tens of features available in image processing,
only few of them are considered in the current research. This is due to the biggest constraint
in NDVD - the enormous data. Therefore we are speaking about video signatures, a
structure that can provide compactness and distinctiveness. The most commonly used
low-level features are Color Histogram [Law-To et al. 2006; Law-To et al. 2006; Huang et
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al. 2010; Huang et al. 2009; Wu et al. 2009; Wu et al. 2007; Liu et al. 2007; Zobel and
Hoad 2006;] and Local Feature [Zhu et al. 2008; Douze et al. 2010; Wu et al. 2007; Wu et
al. 2008; Zhao et al. 2007; Zhao and Ngo 2009;Wu et al. 2007b; Jiang and Ngo 2009; Zhu
et al. 2008; Zhou et al. 2009; Poullot et al. 2008;]

3.1 Video Signature

Generations of video signatures are in the most cases propagated from image processing
with additional summarization and spatio-temporal models. There are numerous video
signature and variations is strictly connected to their application scenarios. From the
definition section, we can conclude that it is not possible to have one single signature
effective for all kind of NDVs. For that purposes in Table II there are shown signature
types with existing work.

Signature Work

Video-level Global Signature - Bounded Coordinate System [Huang et al. 2009; Shen et
al. 2007]
- Accumulative HSV Histogram [Wu et al. 2007]
- Reference Video-Based Histogram [Liu et al. 2007]
- Cluster Representative [Shen et al. 2005].

Frame-level Global Signature -Bag-of-Words [Jiang and Ngo 2009]
-Glocal Descriptor [Poullot et al. 2008]

Frame-level Local Signature -Local Keypoint Descriptor [Wu et al. 2007; Wu et al. 2009;
Zhao et al. 2007; Zhu et al. 2008; Zhou et al. 2009]

Spatio-temporal Signature -CE and LBP-based Spatio-temporal Signature [Shang et al.
2010]
-Spatio-temporal Post Filtering [Douze et al. 2010]
- Video Distance Trajectory [Huang et al. 2010]
-Shot-length Color-shift and Centroid methods [Zobel and
Hoad 2006]
- Video Sketch [Yan et al. 2008]
- Local Descriptor-based Trajectory [Law-To et al. 2006]

Video global signature (represents a whole video with a single signature) work well
where NDVs include changes of the video colors and temporal order of frames. Frame-level
local signatures (represents local information at frame level) changes of the aspects (i.e.
viewpoint) can be easily recognized. It suits to application where speed is not one of the
constraints. A compromise between speed and accuracy are frame-level global signatures.
Introduction of time its combination with spacial information make spatio-temporal signa-
ture robust to heavy changes in color and video geometry. However, time information, if
not properly considered can work against efficiency.
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3.2 Video-level Global Signature

Bounded Coordinate System. One of video summarization techniques is a statistical model
called Bounded Coordinate Systems (BCS) [Huang et al. 2009; Shen et al. 2007]. Idea is
to summarize short video clips using basic assumption that every clip have as single theme
represented by its content. It extends the idea of Principal Component Analysis (PCA)
to capture the dominating distribution and changes of video by building a coordinate sys-
tem from principal components. The feature is not specified, and it can be any kind of
low-level feature. In the process the low-level feature matrix is processed by PCA, and
top significant principal components are regarded as signature. Translation and rotation
of BCS signature is also considered in order to make it more efficient.
Accumulative Histogram. The method proposed in [Wu et al. 2007] work is called Accu-
mulative Histogram. In [Wu et al. 2007]’s work the hierarchical framework is proposed,
where a global signatures are first used for fast approximate search in order to identify
potential candidates. For global signature generation, an accumulative HSV histogram is
used. The signature is defined as:

V S = (vs1, vs2, ..., vsm), vs1 =
1

n

n∑
j=1

hij (1)

where hij is the i− th bin of the HSV color histogram at the j− th keyframe. Number
n represents all keyframes in a video and m is the number of bin.

Reference Video-Based Histogram. As a video signature is proposed by [Wu et al. 2007].
In his work query videos (seed videos) are compared using 2D PCA signature, and then
the percentage of frames which are closest to corresponding reference query video is saved
and combined as a histogram. For m seed video let SV be a feature vector contacting
feature representation of each seed video, detonated as SV = (sv1, sv2, ..., svm). The video
histogram is defined as m-dimensional vector:

V S = (vs1, vs2, ..., vsm), (2)

vsi =

∑n
j=1 I(svi = argmin1<=k<=md(fj , svk))

n
(3)

where I(x) is 1 if x is true, else is zero, fj is the j − th frame and n is the number of
frame in the video, d(fj , svk) is the L2 distance. Each dimension’s value of the signature
means the percent of the videos frames which are closest to the corresponding seed vector
with the same order in the SV . Since, V S is normalized and sum of all equal to 1, the
given two signatures V S1 and V S2 can be defined as:

Sim(V S1, V S2) = 1− 1√
2
d(V S1, V S2), (4)
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d(V S1, V S2) =

√√√√ m∑
i=1

(vs1i − vs2i)2, (5)

Video Triplet (Cluster Representative).One of the cluster based approaches is explained
in [Shen et al. 2005]’s work. Using key-based representation, a large amount of informa-
tion is lost, and its expense is tightly dependent on video length. The idea is to estimate
two video sequences by calculating the percentage of similar frames, neglecting the tem-
poral order of frames. Since, process of calculation the percentage is expensive, clustering
based approach is proposed. The idea is to each sequence summarize into a small number
of clusters, represented by position, radius and density. This type of signature is called
ViTri (Video Triplet). The similarity is measured by volume intersection between ”hyper-
shperes”, and the total number of similar frames shared by two clusters derives the overall
video similarity.

The advantages of global signatures are that are efficient for indexing and searching,
since capturing only overall information and that makes them very compact. The main
drawback of global signature is that the local information is often ignored. The loss of
local information makes it difficult to distinguish two videos with same global signatures
(i.e. color distributions).

3.3 Frame-level Local Signature

Local point descriptors are used to represent every individual frame. This idea is directly
propagated from image retrieval [Chum et al. 2008]. The technique is originally developed
by [Laptev and Lindeberg 2003,Lowe 2004], and its performance is confirmed in detection
of major geometric changes.Process of key points detection is followed by their organization
by their corresponding frames. The distance between frames is simply measured using L2
distance between descriptors. However, it is much more computational expensive than any
other type of signature, and therefore not widely used in NDVD. In some work [Wu et al.
2007] this type of signatures are used just as complementary information. To accelerate
the process, a frame-level global signatures from key points is proposed.

3.4 Frame-level Global Signature

To cope with time complexity in matching a large number of keypoints, frame-level global
signatures is proposed. Local keypoints are used to generate frame based global signatures.

Bag-of-Visual-Words. Bag-Of-Words is very known and popular method in text re-
trieval. The idea is extended to video defining Bag-of-Visual Words [Sivic and Zisserman
2003]. The main idea is to put together all keypoints regardless of which frame they are
belonging to. Then, the clustering is performed and to each a unique ”visual word” is
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assigned. Its compactness is studied by [Grauman 2010; Jegou et al. 2010]. Is shows that
the BOW is the best trade-off between efficient detection and its quality.

Glocal Descriptor. This type of descriptor is also generated from local keypoints, but
with spatio-temporal information [Poullot et al. 2008]. The name is derived from Global-
Local descriptor. The idea can be explained as hierarchically scattering high-dimensional
points into hyper-rectangles with given depth to form a histogram-like signature. From
each frame, around 20 points are detected, and for each point a 20D signature is created.
The first 5D is consist of normalized values of 1− st and 2− nd partial derivatives of the
grey-level. The rest 15D are filled with the partial derivatives of 3 neighbor points, 5D
each. This signature forms a point in [0, 255]20 space, which than is then partitioned in
2h partitions, where h is the depth. Every partition is than partitioned with two levels.
Glocal signature of a frame can be generated as a binary vector, where the i− th bit is 1
if one or more signature falls into i − th partition. For example, for given depth of 2, the
20D spaces is partition for 2 iteration resulting 22 partitions. For similarity measure dice
coefficient is used.

3.5 Spatio-temporal Signature

Spatio-temporal signatures include both spatial and temporal information. In the work of
[Wu et al. 2008; Law-To et al. 2006; Satoh et al. 2007] this type of signature show bet-
ter performance. The main reasons for that is tracking of the changes in consecutive frames.

Conditional Entropy and Local Binary Pattern-based Spatio-temporal Signature. This
type of signature is inspired by ordinal measure, which confirm its robustness. Conditional
Entropy (CE) and Local Binary Pattern (LPB) based signature is introduced by [Shang et
al. 2010]. The main idea of ordinal measure is to describe ordinal relation between blocks
in terms of average gray level. Conditional Entropy (CE) is proposed as a feature selection
method. Maximizing CE of the selected subset of ordinal relations performs the feature
selection. After the feature selection, a video is modeled as a set of contagious sequence of
tokens in text retrieval called w-shinglings, with the frame-level ordinal features hashed into
binary numbers and functions as tokens. In w-shinglings temporal information is stored.
These w-shinglings are further processed in to Bag-of-Words signatures.

Very similar framework can be used for feature - Local Binary Pattern (LBP), and can
be also transformed into the BoW signatures.

Spatio-temporal Post Filtering. In the framework developed by [Douze et al. 2010]
Hamming Embedding and Weak Geometry Consistency is used to enhance BoW presenta-
tion. First a local keypoints are extracted, and quantized into BoW representation. Then,
Hamming Embedding method is used to make binary signatures. The search is performed
using inverted-file-like structure with Weak Geometry Consistency to verify spatial consis-
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tency between frames.

Video Distance Trajectory. [Huang et al. 2010] applies one-dimensional transforma-
tion of a video stream to monitor continues changes of consecutive frames starting from a
reference point. This type of transformation is called Video Distance Trajectory (VDT).
Linear Smoothing Functions (LSFs) are used to further represent sequence. LSF adopts
Compound Probability and use tree different video factors for effective similarity measure.

Video Sketch. Very similar to VDT, this method is also designed for continuous video
streams. [Yan et al. 2008] proposes the min-hash method on Discrete Cosine feature of
video frames to construct sketches for duplicate detection over video streams.

Shot-length, Color-shift and Centroid methods. One type of compact signature is pro-
posed by [Zobel and Hoad 2006]. The signature is sequence of numbers and string-matching
technique is proposed for matching. Shot-length is a very simple way of representation of
a video clip, a sequence of number each of which represents a shot length. Color-shift uses
color distribution for signature-generation and represent changes in color in the video over
time. Centroid-based signature represents the inter-frame change in spatial movement of
the darkest and lightest pixels over time. All the changes are represented as one signature
and represented as a sequence of numbers.

Local Descriptor-based Trajectory. The author [Law-To et al. 2006] proposed a local
descriptor-based trajectory summarization. Harris point detector is used to locate all
keypoints, because it generates a smaller feature set in comparison to other detectors. This
makes the whole process more feasible to process. A 20 dimension signature is generated
according to the following formulae:

~S = (
~s1
‖~s1‖

,
~s2
‖~s2‖

,
~s3
‖~s3‖

,
~s4
‖~s4‖

) (6)

Where ~si are 5D sub-signatures calculated from different positions around the interest
point and every ~si represents a differential decomposition of gray signal at x and y position
I(x, y):

~si = (
∂I

∂x
,
∂I

∂y
,
∂I2

∂x∂y
,
∂I2

∂x2
,
∂I2

∂y2
) (7)

The tracking part uses a low-cost tracking algorithm. The space is processed into ~smean

as signal description and the time information is extracted into trajectory description.
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4 Indexing

Signature management step is optional, but in most of the cases where fast and efficient
retrieval is required. The problem is that there is no universal indexing method because it
heavily rely on the type of signature.

Tree Structures. In the work of [Jagadish et al. 2005] for indexing high-dimensinal-
vector data is so called iDistance. The idea is to split objects into clusters and index all the
objects by their distance to the reference point inside the a cluster using B+-Tree. [Shen
et al. 2005] propose a method to choose an optimal reference point for one-dimensionality
transformation to maximally preserve distance of two points for best performance of B+-
Tree. Enchancement of one-dimensional transformation is Bi-Distance Transformation
(BDT) introduced in [Huang et al. 2009]. The idea is to use two far away optimal refer-
ence points, and to transform a high-dimensional point into two distance value with respect
to two reference points.

N-dimensional Transformation. In the work of [Jagadish et al. 2005] for indexing
high-dimensinal-vector data is so called iDistance. The idea is to split objects into clus-
ters and index all the objects by their distance to the reference point inside the a cluster
using B+-Tree. [Shen et al. 2005] propose a method to choose an optimal reference point
for one-dimensionality transformation to maximally preserve distance of two points for
best performance of B+-Tree. Enhancement of the one-dimensional transformation is Bi-
Distance Transformation (BDT) introduced in [Huang et al. 2009]. The idea is to use
two far away optimal reference points, and to transform a high-dimensional point into two
distance value with respect to two reference points.

Locality Sensitive Hashing. This type of approximate similarity search technique is
widely used. The idea is to use a group of locality sensitive hash functions composed of
linear projections over random direction in feature space. It is very probable that nearby
objects will be hashed into the same value. LSH has been optimized and employed by [Joly
and Buisson 2008, Tao et al. 2009, Grauman 2010].

Inverted File. One more text retrieval retrieval technique can be employed for indexing
video. Inverted file is almost always used with Bag-of-Features or Bag-of-Words [Jegou et
al. 2010; Wu et al. 2007]. The structure is typically constructed by counting the frequency
and position of each visual word, building a structure of invers links between visual words
and occurred videos. In the work of [Shang et al. 2010] fast histogram intersection kernel
is combined with inverted file for accurate calculation for histogram intersection between
two videos.

Generally, when the signature are high dimensional vectors, the use of Lp norms as
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distance metric is the most common choice. Other metrics used in NDVD are Earth
Mover?s Distance (EMD) [Jiang and Ngo 2009], and when signature are string-like Edit
distance [Huang et al. 2010].

5 Existing Evaluation

NDVD is a research topic where the evaluation and performance matters. Evaluation
framework can be generalized as a process where one need to perform the proposed ap-
proach on the dataset which contain ND ground truth typically labeled by human, with
queries measuring performance as precision, recall, response time, etc.

Metrics. The most commonly used performance metrics are precision, recall and mean
average precision (MAP). In papers [Huang et al. 2010; Huang et al. 2009; Zhao and Ngo
2009; Wu et al. 2007] efficiency is measured by the total response time. In some works
[Shang et al. 2010; Tan et al. 2009; Poullot et al. 2008; Law-To et al. 2009] the changes
in need time for retriever is measured when a datasets sizes are varied (scalability measure).

Some comparative studies.
TODO

6 Discussion and Conclusion
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