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Abstract

Purpose Stroke patients may need to undergo rehabilitation therapy to improve their mobility. Electromyography (EMG)
can be used to improve the effectiveness of at-home therapy programs, as it can assess recovery progress in the absence
of a health professional. In particular, EMG armbands have the advantage of being easy to use compared to other EMG
technologies, which could allow patients to complete therapy programs without external assistance. However, it is unclear
whether there are drawbacks associated with the fixed electrode placement imposed by current armband designs. This study
compared the hand gesture prediction capabilities of an off-the-shelf EMG armband with fixed electrode placement and an
EMG setup with flexible electrode positioning.

Methods Ten able-bodied participants performed a series of hand and finger gestures with their dominant hand, once with
an EMG armband (Untargeted condition) and once with electrodes deliberately placed on specific muscles (Targeted con-
dition). EMG features were extracted from overlapping sliding windows and were used to (1) classify the gestures and (2)
predict finger joint positions as measured by a robotic hand exoskeleton.

Results For the classification task, a logistic regression model performed significantly better (p < 0.001) for the Targeted
condition (55.8% + 10.1%) compared to the Untargeted condition (47.9% + 11.6%). For the regression task, a k-nearest
neighbours model obtained significantly lower (p = 0.007) mean RMSE values for the Targeted condition (0.260 + 0.037)
compared to the Untargeted condition (0.270 + 0.043).

Conclusion We observed a trade-off between predictive accuracy and ease-of-use of the EMG devices used in this study. It
is important to consider such a trade-off when developing clinical applications such as at-home stroke rehabilitation therapy
programs.

Keywords Electromyography - Machine learning - Armband - Stroke rehabilitation

1 Introduction

Stroke is one of the leading causes of death and long-term
disability in the world [1, 2]. Stroke survivors often suf-
fer from reduced mobility in the upper limbs [3-5], which
can severely decrease overall quality of life [6—8]. Patients’
mobility can be improved through rehabilitation therapy
aiming to improve outcomes such as strength and range of
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motion through regular exercise programs [9, 10]. Patients
can not only undergo rehabilitation in hospitals or care cen-
tres, but also in their own home, and evidence suggests that
home-based rehabilitation may be preferable to in-clinic
care in terms of outcomes, costs, patient satisfaction and
caregiver strain [11].

Electromyography (EMG), a technology used to measure
electrical signals related to muscle activity, has many poten-
tial applications in stroke rehabilitation. For example, EMG
can be used as a recovery assessment tool [12], to assist
in robotics-based therapy [13—15] or to provide feedback
during interactive training programs [16—18]. Such applica-
tions generally involve extracting information about a user’s
motions based on their EMG signals. Hence, the viability of
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using EMG in stroke rehabilitation relies heavily on accurate
movement recognition.

Research groups investigating EMG-based gesture clas-
sification have obtained overall promising results [19, 20].
Recent years have seen the emergence of increasingly
cost-effective EMG recording systems, such as the popular
8-channel Myo armband by North (formerly Thalmic Labs).
There exists a body of evidence indicating that the Myo
armband is able to achieve high classification accuracy for
hand and wrist gestures [21-23]. These findings suggest that
off-the-shelf EMG armbands could be considered a viable
alternative to more expensive EMG systems. In the context
of stroke rehabilitation therapy, using an EMG armband to
monitor a patient’s movements could be an attractive option,
given that armbands are generally easier to use compared
to other types of EMG devices. Ease-of-use would be espe-
cially relevant for non-expert users, as would be the case in
stroke rehabilitation therapy that is performed at-home (i.e.,
by patients themselves or with the help of caregivers).

Ease-of-use and cost-effectiveness can play a large factor
in determining the viability of using specific EMG tech-
nologies in at-home stroke rehabilitation therapy. Existing
work comparing off-the-shelf EMG armbands with other
EMG devices has so far focused on large-scale gestures that
involve the entire hand or the wrist [19]. There has been
less work looking into the impact of the choice of EMG
device on single-finger (e.g., fine motor control) gesture pre-
diction. Individual finger movements involve less muscle
groups than whole-hand or wrist gestures, which could make
them more difficult to predict using an armband that does
not target-specific muscle groups. There is some evidence
that EMG armbands may not achieve as good results when
applied to single-finger gesture prediction: Caesarendra
et al. obtained an accuracy of 72% for 5-finger classifica-
tion using the Myo armband [24], while Al-Timemy et al.
achieved 98% accuracy for a set of 15 gestures that included
individual finger flexion for all 5 digits using custom-built
hardware and electrode channels targeting a larger area of
the forearm [25]. In an attempt to address the issue of elec-
trode positioning while still using a low-cost EMG device,
Wang et al. developed a 3D-printed armband allowing flex-
ible electrode configurations and achieved a 93% accuracy in
a 10-finger (two-hand) classification problem after excluding
visibly noisy data [26]. However, it is important to note that
results from different studies cannot be compared directly
since there may be differences in experimental and analysis
methods. To the best of our knowledge, no study has directly
assessed the impact of using targeted electrode placement
methods instead of an EMG armband when it comes to pre-
dicting single-finger gestures.

The objective of this study was to compare the hand
and finger gesture recognition capabilities of two EMG
acquisition methods: an off-the-shelf armband and a
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consumer-grade biosensing board connected to electrodes
by flexible wires. These device types were chosen because of
their accessibility to general consumers and relative afford-
ability. We compared the two technologies in two prediction
problems: (1) hand gesture classification, including single-
finger movements, and (2) finger joint angle prediction. We
included the joint angle regression, a more difficult problem
compared to classification, because we believe information
about joint angles may be more useful in the context of
stroke rehabilitation; for example, being able to continu-
ously track finger positions would allow for more precise
biofeedback during training exercises. We hypothesized that
the biosensing board setup with targeted electrode position-
ing would produce better results than the armband, and our
goal was to discuss the tradeoff, if any, between ease-of-use
and electrode placement precision.

2 Methods
2.1 Participants

Ten able-bodied participants (3 females, 7 males) were
recruited for this study. All participants were right-handed
and performed the experiment with their dominant hand.
Participants gave their informed consent and received no
monetary compensation for their participation. The experi-
mental protocol was approved by the Research Ethics Boards
of both the National Research Council Canada (#2022-18)
and of McGill University (#22-05-057).

2.2 Experiment

Participants performed a series of 9 hand gestures (in addi-
tion to periods of rest) with their dominant hand. They were
asked to sit and hold their forearm parallel to the floor, with-
out supporting it on any surface, and to follow visual instruc-
tions on a computer screen. The set of gestures consisted of
individual flexion for each of the fingers and the thumb, as
well as four grasping gestures involving physical objects, as
shown in Fig. 1A. We defined an experimental trial as a rest
period followed by a “gesture” period, where participants
engaged in, held, then disengaged from a given gesture fol-
lowing a visual prompt. Once the 3 s rest period was over,
participants were given 2 s to transition to the gesture, then
had to hold their position for 4 s, and finally had 2 s to transi-
tion back to the rest position (Fig. 1B). Video footage captur-
ing the participant’s actions during the task was recorded for
cross-referencing purposes.

The full task consisted of 9 blocks of trials, where a block
is defined as performing each of the 9 gestures once. The
order of the gestures was randomized within each block. To
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Fig. 1 Details about experimental protocol. A rest position and nine
gestures used in the task. B Unity interface with moving progress bar
indicating if the participant should hold the rest position (Res?), tran-

help reduce fatigue in the forearm, participants were given
the chance to take a short break between each set of 3 blocks.

Flexion of individual joints were tracked at 200 Hz using
a Dexmo robotic hand exoskeleton (Dexta Robotics, Shen-
zhen, Guangdong, China) and forearm muscle activity was
measured using one of two EMG devices. Each participant
performed the task twice, once for each of two conditions. In
the Untargeted condition, they wore a GForcePro+ 8-chan-
nel EMG armband (OYMotion, Shanghai, China). In the
Targeted condition, loose electrodes were placed on spe-
cific muscle groups and connected to an 8-channel Open-
BCI Cyton biosensing board (OpenBCI, New York, New
York, United States). Half of the participants started with
the Untargeted condition and the other half started with the
Targeted condition.

Skin preparation gel was applied to participant’s fore-
arms to reduce electrical impedance. The armband was
slipped up onto the forearm until it was felt tight, and the
same armband orientation was used for all participants to
maintain consistency in the data. For the Targeted condition,
the targeted muscle groups were the following: flexor carpi
ulnaris, flexor digitorum superficialis, flexor pollicis longus,
extensor pollicis longus, extensor indicis, extensor digito-
rum, and extensor carpi ulnaris. Two EMG channels were

GRASP_TRIPOD

GRASP_PINCH

RING_FLEX PINKY_FLEX

sition from rest to one of the nine gestures (Start), hold the gesture
(Hold), or transition back to rest (Stop). C Example electrode place-
ment for the Targeted condition for a participant

used for the flexor digitorum superficialis muscle. Foam
solid gel electrodes were placed by the experimenter, who
determined the electrode locations by palpating the fore-
arm during movements known to involve the target muscle
groups (e.g., wrist adduction for the flexor carpi ulnaris mus-
cle). A bipolar electrode configuration was used, with two
electrodes per EMG channel and a distance of around 3 cm
between electrodes in each pair. The ground electrode was
placed on the elbow. Figure 1C shows an example electrode
placement for a participant. An OpenBCI Wifi Shield was
used to increase the sampling rate of the Cyton board from
250 to 500 Hz, matching the 500 Hz sampling rate of the
GForcePro+ armband.

The experimental interface (Fig. 1B) was developed and
run in Unity Editor (version 2021.3.4f1). The Brainflow
library! was used to obtain and save raw EMG data from
the devices. Spatial tracking data from the Dexmo hand exo-
skeleton were obtained via custom software libraries.

! https://brainflow.org/
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2.3 Data Analysis

Data preprocessing and analysis was conducted in the
Python programming language, mainly using the NumPy
[27], SciPy [28], Pandas [29], Scikit-learn [30] and
Statsmodels [31] libraries.

2.3.1 Data Preprocessing

EMG signals were notch-filtered to remove 60 Hz power
line noise, then bandpass-filtered to remove frequencies out-
side the 5-50 Hz range. EMG and spatial tracking data were
aligned by linearly interpolating the 500 Hz EMG signals
based on the timestamps of the 200 Hz hand exoskeleton val-
ues. Spatial tracking data were normalized because partici-
pants could have different ranges of values due to the design
of the exoskeleton and differences in hand size. For each
digit, a value of 1 corresponded to the most bent position
when that finger was flexed, while a value of O corresponded
to the median position for that finger during rest periods.

2.3.2 Feature Extraction

EMG features were extracted from overlapping sliding win-
dows; a window size of 160 ms was chosen, consistent with
previous work [19, 25], and an offset of 20 ms between win-
dows was used. The feature set consisted of time-domain
and other EMG features that have been commonly used
in the literature [19, 32, 33]. For an N-sample window
X = (xy,X,, ..., xy) for a single EMG channel, where N > 3,
the following features were computed:

e Mean absolute value (MAV): % Zf;l |x;

e Number of zero crossings (ZC):
Z?:ll I(sign(x;) # sign(x;,;)), where I(.) is the indicator
function, which maps to 1 if the condition is satisfied and
otherwise maps to 0

e Number of slope sign changes
Zf:lz I(sign(x;y; — x;) # sign(x; 5 — X;41))

e Waveform length (WL): Zf:

¢ Root-mean-square (RMS): %{Zf;lxiz

(SSC):
: X1 — X

e Autoregression (AR) coefficients: linear coefficients from
a fourth-order autoregression model fitted on X. An order
of four is commonly used in the EMG literature [19, 34]
and is generally believed to be a good tradeoff between
computational costs and added information, although
some studies use sixth-order AR models instead [25, 32].

2.3.3 Machine Learning Classification and Regression

The machine learning models investigated in this analy-
sis for gesture classification were logistic regression,
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linear discriminant analysis (LDA) and k-nearest neigh-
bours (KNN). For finger joint angle regression, the models
used were linear regression and KNN regression. A separate
regression model was trained for each of the five digits, and
reported performance metrics are the average of the five
regression models. The hyperparameter for the number of
neighbours was set to 100 for both KNN models because
the default of 5 neighbours was too small and led to model
overfitting.

Data from the first 2 s rest period in each 3-block record-
ing were excluded to account for participants settling into
the rest position. For the Targeted condition, the Cyton board
and Wifi shield setup sometimes caused packet loss (a seem-
lingly known issue?), resulting in abrupt jumps in the data;
these occurrences were identified and excluded from analy-
sis. In addition, one of the participants (S10) misunderstood
parts of the task and performed the same gesture instead
of separate gestures for the GRASP_TRIPOD and GRASP_
PINCH positions. This was discovered upon reviewing video
footage of the experiments, and data from the two gestures
were excluded for that participant.

Due to the experiment design, the data contained many
more samples for the REST class than for the gesture classes.
To remediate this class imbalance, only a subset of the rest
data were used in classification; the size of the subset was
chosen as the median of the sample sizes of the nine other
classes. Data from the periods of transition from gesture to
rest were also excluded in the classification analysis because
participants tended to reach the rest position well before the
allowed transition time ended.

Cross-validation was used to obtain an estimate of model
accuracy. Five-fold cross-validation was used to estimate
model performance within-participant. To prevent data leak-
age due to the windows overlapping with each other, feature
data obtained from windows that were part of the same trial
was always assigned to the same fold. Leave-one-partici-
pant-out cross-validation was used to determine the models’
generalization abilities across participants.

3 Results
3.1 Gesture Classification

We compared three machine learning models in a 10-class
(rest and the nine gestures) classification task: logistic
regression, LDA and KNN. The logistic regression model
achieved the highest overall accuracy of 51.8% + 11.5%
(averaged across all cross-validation folds, participants, and

2 See GitHub issue: https://github.com/OpenBCI/OpenBCI_WIFI/
issues/82
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Fig.3 Leave-one-participant-out classification results for each experimental condition. A Classification accuracies. B Confusion matrices

conditions), surpassing both the LDA (46.3% + 9.7%) and
KNN (38.9% + 8.7%) classifiers. Only the results from the
logistic regression model will be discussed further in this
section.

Figure 2A shows the model’s within-participant accuracy
for each condition. There is variability between participants,
with the lowest accuracy being ~25% (S02) and the highest
reaching 70% (S10). Classification accuracy for the Targeted
condition (55.8% =+ 10.1%) was significantly higher than that
for the Untargeted condition (47.9% + 11.6%) (two-tailed
paired z-test: = 7.17, p < 0.001). This is in line with our
hypothesis and suggests that placing electrodes on specific
muscles improves classification accuracy. Figure 2B shows
the average confusion matrix across participants. For both
experimental conditions, the gesture that was classified with
the highest accuracy was ring finger flexion (RING_FLEX).

The classes with the lowest classification accuracies were
cylinder grasp (GRASP_CYLINDER) for the Targeted condi-
tion and thumb flexion (THUMB_FLEX) for the Untargeted
condition.

We applied leave-one-participant-out cross-validation to
assess the generalization abilities of the model. Classifica-
tion accuracies were worse than those obtained in the within-
participant analysis: 25.5% + 5.3% for the Targeted condition
and 31.2% =+ 5.9% for the Untargeted condition (Fig. 3A).
Similar to the within-participant analysis, the logistic regres-
sion model performed better (28.4% + 6.5%) than the LDA
(23.7% + 7.1%) and KNN models (20.6% + 5.0%). The
Untargeted condition has better results, though this does
not reach statistical significance (two-tailed paired z-test:
t =-2.24, p =0.052). A lack of a clear diagonal pattern
in the confusion matrices Fig. 3B shows that most classes
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C Sample model predictions

are not classified accurately in this task, though there are
exceptions such as the REST and RING_FLEX classes for the
Untargeted condition. Overall, these results suggest that the
models do not generalize well to other participants.

3.2 Finger Joint Angle Regression

In the finger joint angle regression task, we compared a lin-
ear regression model with a KNN model. The KNN model
achieved an overall average coefficient of determination (R?)
of 0.200 = 0.102 in the within-participant analysis, which
was higher than the linear regression model (0.170 + 0.104).
There was also a lower mean root-mean-squared-error
(RMSE) for the KNN model (0.265 + 0.040) than for the
linear regression model (0.269 + 0.039).

Figures 4A and B show within-participant cross-valida-
tion results for the KNN model. Similar to the classification
task, model performance varies between participants, with
the lowest R? being less than 0.10 and the highest R? exceed-
ing 0.30. Mean R? values were not significantly different
between the Targeted (0.207 + 0.109) and the Untargeted
(0.193 + 0.096) conditions (two-tailed paired -test: t = 1.01,
p = 0.318). The RMSE for different participants was more
consistent at around 0.25 for most participants. Mean RMSE
values for the Targeted condition (0.260 + 0.037) were sig-
nificantly lower (better) than mean RMSE values for the
Untargeted condition (0.270 + 0.043) (two-tailed paired ¢
-test: t = —2.831, p = 0.007).
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Figure 4C presents sample predicted and actual finger
joint angle values from the KNN model for the best (S09)
and worst (S02) participants. We observe that the models
for SO09 seem to be able to track fingers more closely than
those for S02. However, for both participants, even when the
models correctly predict changes in finger movement, the
finger joint angle predictions were inconsistent and unable
to match the smooth changes observed in the actual finger
joint angle values.

Leave-one-participant-out cross-validation analysis for
the regression task produced an R? of —0.050 =+ 0.126 for
the KNN model and —0.090 =+ 0.269 for the linear regression
model. A negative R? value indicates that the model per-
formed worse than a model that constantly predicts the mean
of the training data, suggesting that the regression models
are unable to generalize to data from another participant.

4 Discussion

This work aimed to compare the movement recognition
capabilities of two EMG devices, an armband (Untargeted
condition) and electrodes placed on specific muscles (Tar-
geted condition). We recorded forearm EMG signals while
participants were in a resting position or performing one of
nine gestures. We tested machine learning models on a set of
EMG features (MAYV, ZC, SSC, WL, RMS, and fourth-order
AR coefficients; see Sect. 2.3.2 for definitions of the EMG
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features) in two prediction tasks: gesture classification and
finger joint angle regression.

We obtained a statistically higher mean accuracy for ges-
ture classification when using EMG electrodes individually
placed on target muscles compared to an off-the-shelf arm-
band. For finger joint angle regression, there was no sig-
nificant difference between model goodness-of-fit for the
two EMG methods, though the R? values we obtained were
lower than what others have reported in the literature. When
trained prediction models were tested on data from a previ-
ously unseen subject, we found that model generalization
abilities were low overall for both EMG acquisition methods.

In the gesture classification task, the best model (logistic
regression) performed significantly better for the Targeted
(accuracy of 55.8% =+ 10.1%) than for the Untargeted condi-
tion (accuracy of 47.9% + 11.6%) when trained and tested on
data from the same participant. This result differs from pre-
vious work by Farrell and Weir, which found no significant
difference between their Targeted and Untargeted conditions
[19]. One of the differences between this study and ours is
that Farrell used large-scale gestures involving movement of
multiple fingers and the wrist (e.g., wrist extension/flexion,
hand pronation/supination, palmar prehension), while the
gestures we used were more dexterous (flexion of individual
fingers and various graspings gestures) and more difficult
to classify. Future studies will determine if classification of
more dexterous gestures requires precise electrode position-
ing compared to classification of larger scale gestures.

Our results suggest that there may be benefits in terms of
movement recognition accuracy to using individually placed
EMG electrodes instead of an off-the-shelf armband, with a
~8% difference in classification accuracy between the two
methods. However, this improvement in performance comes
with a cost in terms of setup effort and time. Setup for the
targeted electrodes required the presence of a trained per-
son to determine optimal locations for electrodes. We esti-
mate that the process of identifying electrode positions and
placing electrodes on the forearm took around 10—15 min
in our study, while donning the armband only took a few
seconds. Moreover, using sticky foam solid gel electrodes
may also cause discomfort for the user, since forearm hair
can be ripped off when removing the electrodes. Hence, the
trade-off between boosting model performance and main-
taining ease-of-use should be considered when designing
EMG applications, especially if the target userbase is a
patient population. In the context of at-home stroke reha-
bilitation therapy, lower prediction performance may still
be outweighed by the convenience of using an armband, as
treatment programs involve repeated exercise sessions, and
long setup times could build fatigue and decrease patient
motivation.

Overall, the classification accuracies we found are lower
than what other groups have previously reported in the

literature with similar EMG equipment [24, 26]. We sus-
pect that the main reason explaining why our results do not
match the literature is data labelling. Our EMG timeseries
data were labelled by the Unity data collection interface we
developed, and the labelling was based on expected move-
ment timing, ignoring the possiblity that participants might
start or end a movement without precisely following on-
screen prompts. We began working on a relabelling method
based on finger movement velocity from the Dexmo glove
data, and preliminary tests have found an accuracy within the
60-70% range, which is consistent with previous literature.

In the finger joint angle regression task, we obtained
an average within-participant R?> goodness-of-fit of
0.207 + 0.109 for the Targeted condition and 0.193 + 0.096
for the Untargeted condition using a KNN regression model,
with no statistically significant difference between the two
conditions. The mean R? values we found were also lower
than what has been previously reported in the literature (R?
> 0.72 for all five MCP joints using a similar set of features
and the Myo armband [35]). One shortcoming of our cur-
rent regression model is that its predictions show instability
over time (Fig. 4C). This could be explained by the fact that
the model considers each data sample independently, and
does not account for the temporal dimension. Other groups
have successfully applied specialized timeseries regression
models to EMG-based finger joint angle classification, in
particular nonlinear autoregressive exogenous (NARX)
models [36]. These NARX models use as inputs both past
and current EMG features in addition to past predictions.
Future studies will incorporate the ability to track previ-
ous predictions, which would improve the stability of the
regression model.

We also performed leave-one-participant-out cross-val-
idation analysis on the two prediction tasks to assess our
models’ generalization abilities. For gesture classification,
accuracy for the Untargeted condition (31.2% + 6.2%) was
better than that for the Targeted condition (25.5% + 5.6%),
though the difference was not statistically significant. For
finger joint angle regression, the R? values were negative for
both conditions, indicating poor model fits. Overall, perfor-
mance metrics from the leave-one-participant-out analyses
were consistently worse than those from the within-partic-
ipant analyses, indicating that model generalization across
participant was poor. This could be due to individual dif-
ferences in participants’ forearm physiologies causing elec-
trodes to be in different locations for each individual (for
both the Targeted and Untargeted conditions). Other factors
that could have contributed to poor generalizability include
differences in participant’s muscle contraction strengths and
varying noise levels in the EMG data across participants
(due to e.g., electrode contact or armband fit).

Future directions for this research include running more
classification analyses with the relabelled EMG data. For
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finger joint angle regression, in addition to trying other
regression models such as the NARX, it would be interest-
ing to try predicting joint angle velocity instead of posi-
tion: finger joint angular velocity would be a meaning-
ful measure for movement recognition, and position can
be inferred from velocity if the initial position is known.
Moreover, we observed differences in EMG signal wave-
forms when comparing transition versus steady-state peri-
ods with no changes in velocity. Hence, velocity may be
easier to predict than position since it relates more directly
to the muscle activity.

5 Conclusion

Our study directly compared the predictive performance of
an off-the-shelf EMG armband with fixed electrode place-
ment and an EMG setup with flexible electrode positioning.
Our results showed a trade-off between predictive accuracy
and ease-of-use. On the one hand, the setup with flexible
electrode positioning resulted in better predictive accuracy,
but required more setup time. On the other hand, while the
off-the-shelf EMG armband performed worse than the other
setup, its ease-of-use may be more applicable for patient
populations. It is important to consider trade-offs between
accuracy and ease-of-use during development of clinical
applications, including in stroke rehabilitation therapy.
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