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Abstract—Single-use EMG-force models (i.e., a new model is 
trained each time the electrodes are donned) are used in various 
areas, including ergonomics assessment, clinical biomechanics, 
and motor control research. For one degree of freedom (1-DoF) 
tasks, input-output (black box) models are common. Recently, 
black box models have expanded to 2-DoF tasks. To facilitate 
efficient training, we examined parameters of black box model 
training methods in 2-DoF force-varying, constant-posture tasks 
consisting of hand open-close combined with one wrist DoF. We 
found that approximately 40–60 s of training data is best, with 
progressively higher EMG-force errors occurring for 
progressively shorter training durations. Surprisingly, 2-DoF 
models in which the dynamics were universal across all subjects 
(only channel gain was trained to each subject) generally 
performed 15–21% better than models in which the complete 
dynamics were trained to each subject. In summary, lower error 
EMG-force models can be formed through diligent attention to 
optimization of these factors. 

I. INTRODUCTION

Over the past several decades, numerous investigators 
have studied the dynamic system relationship between the 
conventional surface electromyogram (EMG) and muscle 
force/joint torque [1, 2]. Much of this modeling trains an 
EMG-force model for single-use (i.e., a new model is trained 
each time the electrodes are applied), applicable to areas such 
as ergonomics assessment, clinical biomechanics, scientific 
studies relating EMG to joint mechanical impedance, and 
motor control research. Single-use EMG-force calibration is 
appropriate, as there is evidence of inter-day decrements in 
performance when an EMG-force model is not re-calibrated 
[3]. Some emerging studies have introduced the use of large, 
high-density surface EMG arrays [4-6]. But, these arrays 
generally remain rather complex and expensive for 
biomechanics investigations, and are presently impractical for 
most commercial applications of EMG. 

In one modeling paradigm, EMG-force dynamics are 
assumed (e.g., length-tension and force-velocity relationships) 
and only the gains of each EMG channel are optimized [1, 7]. 
This “Hill-style” paradigm is simpler and of particular benefit 
in multi-joint studies for which training of system dynamics 
would be a daunting task. Alternatively, the “black box” 
system identification paradigm trains subject- and muscle-
specific EMG-force models [7-13]. Because these models 
adapt to the specific subject and/or muscle, they would 
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generally be hypothesized to be more accurate than Hill-style 
models, but require longer training trials [14] and more effort 
to program. For simplicity, most early work in this area 
focused on linear models of single-joint systems. Non-linear 
models, however, have been shown to improve the 
relationship [11, 15, 16]. 

Recently, there has been increased interest in expanding 
these black box models to multi-joint applications, for 
example to two degree of freedom (DoF) systems in the upper 
limb [4, 17-19]. In doing so, several technical questions related 
to system identification are encountered. Previously [18], we 
studied 2-DoF EMG-force in the hand-wrist, finding lower 
errors when training sets included both 1-DoF and 2-DoF 
trials. Further, we studied the required number of conventional 
electrodes, when placed eqidistant about the circumference of 
the proximal forearm. Using backward stepwise selection of 
16 electrodes, we found that error was optimized with 6 
electrodes. Of course, backward selection of electrode sites 
may have limited utility in single-use EMG-force studies, 
since all 16 electrodes must still be applied. 

These insights narrow the range of system identification 
methods that need be considered when conducting single-use 
EMG-force studies. However, other modeling questions 
remain: determining the necessary duration of training data 
used to form the EMG-force relationship and choosing the 
specificity of the model (subject-specific vs. DoF-specific 
models of dynamics vs. a “universal” Hill-style model of 
dynamics used for all subjects and muscles). Herein, we 
examine these questions when relating forearm surface EMG 
to hand open-close (Opn-Cls) combined with one of three 
wrist DoFs—either extension-flexion (Ext-Flx) force, radial-
ulnar (Rad-Uln) force, or pronation-supination (Pro-Sup) 
moment.1F
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II. METHODS

A. Experimental Data and Apparatus
Data Collection—Setup: The WPI IRB approved

reprocessing of previously acquired data from able-bodied 
subjects (5 males, 4 females; aged 27±9.7 years) [18]. Subjects 
sat at the experimental apparatus (see [18], Figs. 1–3) with 
their dominant hand cuffed to a 6-DoF load cell, to measure 
wrist force/torque. Separately, Opn-Cls grip force was 
measured by a single-axis load cell by securing to the thumb 

C. Martinez-Luna, B. E. McDonald, T. R. Farrell are with Liberating
Technologies, Inc. (LTI), Holliston, MA 01746. E-mail: [carlos.martinez, 
benjamin.mcdonald, todd.farrell]@liberatingtech.com. 

*For more complete documentation of this work, see: B. Bardizbanian,
"Improving the Performance of Dynamic Electromyogram-to-Force Models 
for the Hand-Wrist and Multiple Fingers," Ph.D. Thesis, Worcester 
Polytechnic Institute, in preparation. 

Efficiently Training Two-DoF Hand-Wrist EMG-Force Models* 
Berj Bardizbanian, Ziling Zhu, Jianan Li, Xinming Huang, Senior Member, IEEE, Chenyun Dai, 
Carlos Martinez-Luna, Benjamin E. McDonald, Todd R. Farrell, and Edward A. Clancy, Senior 

Member, IEEE 

Author's Final Copy: 2020 IEEE Engineering in Medicine and
Biology Society Conference (Volume 42, pp. 369–373)



on one side and the distal aspects of the four fingers on the 
opposite side. The shoulder was flexed 45o forward from the 
anatomical position along the sagittal plane, the wrist was in a 
neutral position and the palm of the hand was perpendicular 
with the plane of the floor. The elbow was supported. 

Skin about the forearm was scrubbed with an alcohol wipe 
and electrode gel was applied. Sixteen bipolar EMG electrodes 
were applied equidistant and circumferentially about the 
forearm: their mid-point was located 5 cm distal to the elbow 
crease. Bipolar electrodes were 5 mm diameter, stainless steel, 
hemispherical contacts separated 1 cm edge-to-edge, oriented 
along the forearm’s long axis. A gelled reference electrode was 
secured on the ventral forearm. Each EMG signal was 
differentially amplified (30–500 Hz pass band, CMRR > 100 
dB over the pass band). Load cell force/moment was displayed 
in real-time as a blue arrowhead on a computer screen. The 
arrowhead displayed 4 DoFs: x-axis location for Ext-Flx force, 
y-axis location for Rad-Uln force, rotation for Pro-Sup
moment, and size for hand Opn-Cls force. A second red
arrowhead displayed a computer-controlled target. Four load
cell signals and 16 EMG channels were each sampled at 2048
Hz with 16-bit resolution.

Data Collection—Contractions: All contractions were 
constant-posture, with a two-minute rest interval between 
each. After warm-up, maximum voluntary contraction (MVC) 
was measured separately for both directions of each of the 4 
DoFs. Next, subjects produced 5 s constant-force 50% MVC 
contractions for each direction within a DoF. 

Then, subjects completed 1-DoF dynamic tracking trials, 
separately for each DoF (randomized order). Feedback only 
displayed the specified DoF. For Rad-Uln, the target moved 
randomly between ±(|30 %MVC Rad| + |30 %MVC Uln|)/2. 
The random target movement was a 0.75 Hz band-limited, 
white and uniform random process. Four trials of 40 s duration 
each were completed. The equivalent trials were completed for 
the three remaining DoFs (16 trials total); except that the 
maximum force was reduced to 15 %MVC for Opn-Cls due to 
excessive hand open fatigue found during preliminary testing. 

Lastly, subjects tracked dynamic 2-DoF targets: hand Opn-
Cls paired with one wrist DOF (Ext-Flx, Rad-Uln or Pro-Sup). 
The same random target style was used, with independent 
random instances per DoF. Four trials of 40 s duration were 
completed for each DoF combination (12 trials total). 

B. Analysis: Signal Preprocessing
Data analysis was performed offline in MATLAB. Time-

varying EMG standard deviation (EMGσ[n], for discrete-time 
sample n) was estimated for each channel. Raw EMG were 
highpass filtered (5th-order Butterworth, fc=15 Hz), notch 
filtered to attenuate power-line interference (2nd-order IIR 
filter at 60 Hz, notch bandwidth of 1 Hz), rectified, lowpass 
filtered at 16 Hz (Chebyshev Type 1 filter, 9th-order, 0.05 dB 
peak-to-peak passband ripple), and downsampled to 40.96 Hz 
[14, 20]. Each force/moment signal was normalized by its 
corresponding MVC level pair. For example, Rad-Uln was 
normalized by: (|𝑀𝑀𝑀𝑀𝐶𝐶𝑅𝑅𝑅𝑅𝑅𝑅| + |𝑀𝑀𝑀𝑀𝐶𝐶𝑈𝑈𝑈𝑈𝑈𝑈|)/2. 

C. Analysis: One-DoF Models
1) Subject-Specific, Full-Duration Model: One-DoF

modeling only utilized 1-DoF trials. EMGσ values were 

related to force/moment—separately for each DoF—via 
regression (20th- order linear dynamic model [8, 18]; 2 or 16 
electrodes used in the fit, where values less than 16 were 
arrived at using backward stepwise selection [17, 18]). Model 
training used the least squares pseudo-inverse method [21], 
with singular values of the design matrix removed if the ratio 
of their magnitude to that of the largest singular value was less 
than 0.01 [8]. Note that backward selection down to 2 
electrodes has previously been shown to perform as well as 16 
electrodes for these 1-DoF tasks [17, 18]. Two trials were used 
for training, and two for testing (RMS error between the 
estimated and measured torques, expressed in %MVC, after 
discarding the first 2 s of each trial). Training and testing trials 
were then exchanged (two-fold cross-validation), with the 
average of these two folds reported. 

2) Subject-Specific, Reduced-Duration Model: The above
procedure was repeated while utilizing less than the full 
available training time, thus varying the time duration used for 
training. In this manner, we could evaluate model performance 
vs. training duration. For training durations of 14, 22, 30 and 
38 s, only the necessary initial portion of the first training trial 
was used, and the second training trial was ignored. For 
training durations of 44, 52, 60, 68 and 76 s, equal durations 
of both training trials were used (half of the training duration 
derived from each trial). As above, model testing used both 
full testing trials, with the two-fold cross-validation results 
averaged. 

3) DoF-Specific Model: General dynamic models, one per
DoF, were next constructed, using data from 1-DoF trials. Two 
trials were used to train subject-specific models for each 
subject. After backward selecting down to the channels 
preferred for EMG-force estimation, the fit coefficients define 
a FIR filter, which is inherently lowpass in shape [7, 22-26]. 
These filters were each normalized to a gain of one at 0 Hz—
expressing the EMGσ-force dynamics, absent of the gains for 
each EMG channel. A total of 36 gain-normalized filters were 
formed per DoF (nine subjects, two EMG channels per subject, 
two cross-validations). The ensemble mean coefficient values 
of these filters (one filter per DoF) were computed. 

This DoF-specific filter was used, in place of the dynamics 
provided by subject-specific filters by appending them to the 
EMG pre-processing (after the decimation step). This 
evaluation assessed if subject-specific, EMG channel-specific 
calibration of dynamics could be replaced with one dynamic 
filter per DoF. Once the DoF-specific filters were formed, the 
training trials were used to calibrate only the gains of each 
EMG channel. Testing was performed on the remaining two 
trials. Backward stepwise selection from 16 down to 2 
electrodes was performed, with only results for 2 and 16 EMG 
channels reported (with cross-validation). This analysis was 
completed for each of the DoFs and training durations. 

4) Universal Model: This analysis was similar to the prior
analysis, except that the 36 DoF-specific filter coefficients 
were ensemble averaged into one “universal” filter (Fig. 1) to 
assess if one filter shape could capture all dynamics for all 
DoFs. Again, analysis was completed for all training durations 
and only the results for 2 and 16 EMG channels are reported. 



D. Analysis: Two-DoF Models
Similar 2-DoF EMG-force models were evaluated (with

backward stepwise selection to 6 EMG channels and two-fold 
cross-validation) for each of Opn-Cls paired with one wrist 
DoF, always estimating 2 DoFs simultaneously. Each EMG 
channel contributed to both DoFs. Model training always 
combined both 1-DoF trails and the corresponding 2-DoF trial. 
Model testing was performed only using the 2-DoF trials. Note 
that backward selection down to 4–6 electrodes has previously 
been shown to perform nearly as well as 16 electrodes for these 
1-DoF tasks [17, 18].

E. Statistics
Performance differences were tested statistically with

SPSS 25 using multivariate RANOVA. Interactions were not 
significant, unless noted. When degree of sphericity ε was 
<0.75, degrees of freedom was adjusted by the method of 
Greenhouse-Geisser; and when 0.75≤ε<1, by the method of 
Huynh-Feldt [27]. When multiple comparisons are 
summarized, degrees of freedom are reported without 
adjustment. Tukey post hoc comparisons were conducted 
using Fisher’s least significant difference (LSD). A 
significance level of p = 0.05 was used. 

III. RESULTS

A. One-DoF Models
Fig. 2 shows summary test error results vs. training

duration for the 1-DoF models using 2 electrodes. All models 
experienced lower mean error as training duration increased 
from 14 s, with less improvement as training duration grew. 
Using all the results of 1-DoF models, a four-way RANOVA 
was computed [factors: model (subject-specific, DoF-specific, 
universal), number of electrodes (2, 16), duration (14, 22, 30, 
38, 44, 52, 60, 68, 76 s) and DoF (Flx-Ext, Rad-Uln, Pro-Sup, 
Opn-Cls)]. Since there was a significant two way interaction 
term involving model and DoF [F(2.5, 20.0) = 6.1, 
pGG=0.006], three way RANOVA’s were implemented fixing 
each DoF. The main effects were significant for model 
[F(2,16)>77, p≤0.03], except for Rad-Uln [F(2,16)=3.5, 

p=0.06]; significant for duration [F(8,64)>5, p≤0.04]; but not 
significant for number of electrodes [F(1,8)<6, p≥0.05]. 

Tukey post hoc comparisons were computed for all 
significant differences. In summary, when comparing the 1-
DoF models, the subject-specific model generally had the 
lowest errors. There was a clear trend for higher %MVC errors 
at shorter training durations versus longer durations. For 
example, training with 14 s always exhibited higher error than 
≥ 30s and training with 22 s always exhibited higher error than 
≥ 68s. Performance improvement plateaued at longer durations 
(e.g. there was no statistically significant improvement for 
durations beyond 30 s for Rad-Uln and Opn-Cls, or beyond 60 
s for Ext-Flx and Pro-Sup). With two backward selected 
electrodes, a training duration of 60 s and subject specific 
modeling, average ± standard deviation errors (% MVC) were: 
8.34 ± 2.32 for Ext-Flx, 8.92 ± 9.65 for Rad-Uln, 9.2 ± 2.93 
for Pro-Sup and 8.81 ± 3.18 for Opn-Cls. 

B. Two-DoF Models Assessed on Two-DoF Trials
Fig. 3 shows summary test error results vs. training

duration for the 2-DoF models using 6 electrodes. All models 
experienced clearly lower error as training duration increased 
from 14 s, with less improvement as training duration grew. 
Using all the results of 2-DoF models, a four-way RANOVA 
was computed [factors: model (subject-specific, DoF-specific, 
universal), number of electrodes (6, 16), duration (14, 22, 30, 
38, 44, 52, 60, 68, 76 s) and DoF pair (Opn-Cls with Flx-Ext, 
Opn-Cls with Rad-Uln, Opn-Cls with Pro-Sup). There were 
significant interactions involving model and duration 
[F(16,128)=17, p=0.0001]. Unfortunately, fixing a second 
factor did not eliminate interactions. Thus, we continued to 
pursue the non-interacting factors within this four-way 
RANOVA. These other main effects were significant for 
number of electrodes [F(1,8)=16, p=0.004] and not significant 
for DoF pair [F(2,16)=0.6, p=0.6]. Tukey post hoc 
comparisons found that using 6 electrodes had a significantly 
higher mean error than using 16 electrodes. 

To examine the model and duration factors, we next 
performed Tukey pair-wise comparisons for each combination 
of these factors (with Bonferroni correction). Considering 
duration: subject-specific models with durations below 38 s 
always had higher errors than those with durations above 68 s; 
and DoF-specific and universal models with durations below 
30 s always had higher errors than respective models with 
durations above 68 s. Considering model: subject-specific 
models always had 15–21% higher error than the other two 
models (except at a duration of 60 s—likely an anomaly), and 
DOF-specific models did not differ from universal models. 

IV. DISCUSSION

A. Parameter Selection for Efficient EMG-Force Training
This research focused on two technical details related to

forming 2-DoF EMG-force models at the hand-wrist. An 
ability to time-efficiently and accurately calibrate EMG-force 
models is of value to several application areas, including 
ergonomics assessment, clinical biomechanics, scientific 
studies of muscle tension and joint impedance. First, we 
examined the duration of training used to form the EMG-force 
relationship. For single-use applications, it is most useful to be 
able to train models quickly. With all 1-DoF models, error 
decreased in an exponential fashion as training duration 

Fig. 1. Each of 144 magnitude responses of the 1-DoF models is shown 
in grey (nine subjects, two EMG channels per subject, two cross-
validations, 4 DoFs). Thick blue line is the average and thin red line is 
the universal FIR filter fit to these responses. 



  

increased. These changes were consistently statistically 
significant at the shorter durations (where the slope of error vs. 
duration was largest), but less so at the longer training 
durations (where more statistical power would be required in 
order to identify the smaller presumed differences). Most of 
the error reduction occurred with durations up to 40–60 s. 
These hand-wrist results are consistent with 1-DoF EMG-
force results in the elbow [8], wherein 52 s of training data for 
similar dynamic models were found to reduce error compared 
to 26 s. For our 2-DoF models, a similar exponential trend was 
found (error decaying with increased training duration), but 
the rate of error decay was not as steep. This difference in rate 
may reflect that the final error was, on average, larger for the 
2-DoF trials. These results are generally consistent with 
system identification theory, in which the necessary training 
duration is proportional to the number of fit parameters (2-DoF 
models have more fit parameters) and that error reduces less 
than linearly as the training size progressively increases [14]. 

Second, we researched the specificity of the model 
(subject-specific vs. DoF-specific vs. universal). A universal 
model is similar to a Hill model in that the dynamics are pre-
assigned. For 1-DoF models, subject-specific models clearly 
performed best, in general, reducing error by 11–24% 
compared to universal models. But, for 2-DoF models, 
universal models actually performed better than subject-
specific models, in general, by 15–21%. Since model training 
for 2-DoF models uses twice as many fit parameters, one 
would expect a poorer fit (if all other factors are identical). 
Thus, perhaps it is simply more difficult to identify these more 
complex models, leading to poorer model fits in the subject-
specific models. Additionally, our anecdotal evidence during 
data collection is that subjects struggled to perform 2-DoF 
tracking, and may have exhibited greatly reduced tracking 
accuracy in one of the two DoFs. Thus, the second DoF may 
have been limited to contractions with a non-uniform 
distributed range of forces and a colored band-limited 
spectrum, resulting in poorer per-subject model calibration. 
However, since the universal model was constructed from 1-

DoF trials, it would not suffer from this problem. Note that our 
universal models were still formed from data specific to our 
muscles studied, arm pose and training-testing trajectories. 
Hence, generic models (e.g., Hill style) that are not tuned in 
this manner (i.e., simply selected, for example, as second-
order lowpass dynamics—a common selection) might be 
expected to perform poorer. Thus, our results do not directly 
suggest that Hill style models will outperform subject-specific 
models in all cases. 

B. Limitations and Extensions 
First, our sample size was limited and we studied a single 

joint.  Second, we limited our contractions to being constant 
posture. It is well established that EMG-force varies with joint 
angle (e.g., the length-tension curve [9, 10, 13, 16, 28, 29]). 
Thus, conditions of this work should be extended to varied 
angle in the future. Third, the method of electrode site 
selection by backward stepping produces a locally optimum 
solution, but not necessarily a global optimum. And, this 
solution is limited by the sites imposed by the original equal-
spaced application of the 16 electrodes. Alternative schemes 
exists, including schemes based on muscle anatomy [30]. 
Fourth, these results present a conundrum for single-use 
applications: much fewer than 16 electrodes provide minimum 
error performance, but the complete set of 16 electrodes must 
be mounted in order to determine the optimal electrode sites. 
For single-use applications, it may be as effective to simply 
use the full 16-channel electrode system and forgo any 
backward selection of EMG channels. Finally, in order to 
focus on efficient training of EMG-force models, we limited 
our models to be linear and did not pre-whiten our EMG data. 
Non-linear models have been shown to produce better EMG-
force relationships [11, 15, 16]. Further, EMG pre-whitening 
has been shown to reduce the variance of the EMGσ estimate 
[31, 32], resulting in reduced EMG-force error [8, 15, 33]. 
Each of these methods can be incorporated in future work. 

V. CONCLUSION 

We studied efficient training of 2-DoF EMG-force models 

 
Fig. 2. One-DoF summary results for each DoF vs. training duration. 
Mean error plus one standard deviation shown for 2-electrode models. 
(Some error bars cropped by y-axis scaling.) Subject-specific models in 
blue, DoF-specific models in red, universal models in green. 

 
Fig. 3. Two-DoF summary results for each DoF pair vs. training duration, 
when assessing on 2-DoF trials. Mean error plus one standard deviation 
shown for 6-electrode models. 



  

using conventional EMG electrodes. We found that EMG-
force error reduced as training duration increased, for 
durations up to 40–60 s. Improvement in performance was 
greatest at the lower training durations. And, subject-specific 
models performed best when forming 1-DoF models, but 
(generally) worst when forming 2-DoF models. 
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