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ABSTRACT

Stroke, a cerebrovascular event associated with the disruption of blood supply to the brain
which aggravates neurological abnormalities, is the leading cause of death and major
contributor to disability worldwide. A source of significant economic burdens, it can also
lead to a range of post-stroke complications and consequences of which physical
impairments such as hemiparesis has debilitating effects on the survivor’s body. It affects the
coordination and balance of the patients, hindering mobility and disrupting the ease of doing
activities of daily living. To revert the state of paresis, immediate rehabilitation is an
indubitable necessity. With this regard it has been unanimous that the maximum benefits of
rehabilitation in restoring paralyzed limb can be reaped in the first six months post occurrence
of stroke. In this regard, stimulation-based rehabilitation which induces functional
movements, also termed as functional electrical stimulation (FES), has seen considerable
success. The benefits of using FES include positive responses at cellular level, improved
blood circulation, overall biomechanical enhancement, tissue regeneration, reversing long-
term denervation muscle atrophy and dystrophy, increasing myofiber diameter size by more
than ~50% and regenerating new myofibers.

However, with the above said advantages, FES comes with the challenge of rapid muscle
fatigue on application. This stimulation induced muscle fatigue is believed to originate from
reverse order of muscle fiber recruitment which occurs during stimulation unlike voluntary
activation. The reverse recruitment order leads to faster fatigue development as more type Il
fibers are utilized earlier than with volitional control. Unmonitored stimulation-induced
fatigue leads to excessive buildup of by-products of muscle contractions, excessive heat,
tissue damage, fibers injury, electroporation etc. Although stimulation-induced fatigue is an
inevitable process which cannot be stopped, precautionary measures can be taken to save the
muscles from damage. The stimulation induced muscle fatigue depends upon the applied
stimulation parameters (amplitude, pulse width, and frequency) which lacks consensus.
Additionally, muscle fatigue is a gradual phenomenon; therefore, continuous monitoring is
required during FES sessions to tailor or modify the stimulation parameters and ensure their
optimization. Thus, the ill-effects of FES inducing muscle fatigue primarily revolve around
lack of optimum stimulation patterns since the beginning of pulse application and lack of
muscle fatigue predicting strategies which can help foresee its development. To address these
important gaps, this thesis aims to investigate:

o The therapeutic benefits of a biomimetic/guided stimulation pattern designed to
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mimic the physiological stimulation approach adopted by the central nervous system, with
the hypothesis that such a stimulation template could induce less muscle fatigue and enhance
functional outcomes, and

o A forecasting framework using a deep learning model to foresee the myoelectric
indicators of muscle fatigue using stimulation evoked electromyography.

In this thesis experiments have been performed for single joint elbow flexion activity
which is one of the crucial single joint activities of upper limb that helps in achieving or
fulfilling activities of daily living such as eating, drinking, picking up objects, and many
more. Previous research suggests the use of biomimetic ways of stimulation to address the
issue of lack of standard stimulation patterns or templates. Such methods which mimic the
natural ways of stimulation are considered guided stimulation patterns. Works done in the
recent past found that guided stimulation patterns such as muscle synergy-based FES
improved movement kinematics instantly and in long-term use in post-stroke patients.
However, the therapeutic benefits and efficacy of muscle synergy-based FES patterns over
traditional stimulation patterns needed exploration. Additionally, its role in muscle fatigue
development compared to conventional patterns also needs investigation.

Therefore, in this thesis, a guided stimulation pattern based on muscle synergies was
designed and developed to facilitate elbow flexion in sub-acute post-stroke patients. The
study introduces an improved method for selecting a muscle synergy template to generate
the FES waveform for elbow flexion. This method involves an objective assessment of intra-
subject and inter-subject similarities in muscle synergies during elbow flexion across seven
participants. By comparing these task-specific synergies and effective filtration of evoked
surface electromyography (SEMG), the desired, biomimetic, synergy-based FES template
was facilitated. This template was developed on calibration-based mapping of evoked EMG
envelopes to FES parameters. This approach helped in the identification of FES parameters
corresponding to muscle synergy-based reconstructed SEMG envelopes, representing a novel
and previously unexplored method.

In subsequent study, the therapeutic benefits of muscle synergy-based FES were
compared to traditional stimulation patterns from the perspective of muscular fatigue and
kinematic performance produced. Three stimulation waveforms/envelopes: customized
rectangular, trapezoidal, and muscle synergy-based FES patterns were administered on six
post-stroke patients and six healthy individuals to achieve full elbow flexion. The muscular
fatigue was measured through features of evoked sSEMG, and the kinematic outcome was

measured through angular displacement during elbow flexion. The time domain (peak-to-
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peak amplitude, mean absolute value, root-mean-square) and frequency domain (mean
frequency, median frequency) features also termed as myoelectric indices of fatigue were
calculated from evoked-electromyography. Myoelectric indices of fatigue and peak angular
displacements of elbow joint were compared across waveforms.

It was found that the muscle synergy-based stimulation pattern sustained the kinematic
output for longer durations and induced less muscular fatigue followed by trapezoidal and
customized rectangular patterns in healthy and post-stroke participants. These findings imply
that the therapeutic effect of muscle synergy-based functional electrical stimulation stems
from not only being biomimetic but also due to it being efficient in inducing less fatigue.

Further, a deep learning framework was developed to foresee indicators of muscle fatigue
from evoked SEMG, i.e. forecasting of the myoelectric indices of muscle fatigue. The instant
estimation of muscle fatigue using SEMG becomes challenging due to the progressive rather
than instantaneous nature of fatigue development. Myoelectric indices forecasting has
emerged as an important tool for muscle fatigue monitoring in wearable technologies,
adaptive control of assistive devices like exoskeletons and prostheses, FES-based
Neuroprostheses, and more. However, non-stationary temporal development of these indices
in dynamic contractions makes forecasting difficult. Hence, incorporating transfer learning
into a deep learning forecasting model could improve the prediction results.

Therefore, Myoelectric Fatigue Forecasting Network (MEFFNet), was designed to
forecast these indices (both time and frequency domain) for voluntary and FES induced
dynamic contractions in healthy and post-stroke subjects respectively. Different state-of-the-
art deep learning models along with the novel MEFFNet architecture were tested on these
indices obtained during - a) voluntary elbow flexion and extension with four different
weights (1 kg, 2 kg, 3 kg, and 4 kg) in sixteen healthy subjects, and b) FES induced elbow
flexion in sixteen healthy and seventeen post-stroke subjects under three different stimulation
patterns (customized rectangular, trapezoidal, and muscle synergy-based).

A version of MEFFNet, named as pretrained MEFFNet, was trained on a dataset of sixty
thousand synthetic time series to transfer its learning on real time series of myoelectric
indices of fatigue. The pretrained MEFFNet could forecast up to 22.62 seconds (60
timesteps) into the future with a mean absolute percentage error of 15.99 *+ 6.48% in
voluntary contractions and 11.93 + 4.77% in FES-induced contractions, significantly
outperforming the MEFFNet and other models under consideration (p < 0.05, one-way
repeated measures ANOVA). The results suggest combining the proposed model with

wearable technology, prosthetics, robotics, and stimulation devices to enhance predictive
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strategies and system responsiveness. The above work showed that transfer learning in time
series forecasting has potential to improve wearable sensor predictions.

This thesis explores the development of a muscle synergy-based FES system,
hypothesized to reduce stimulation-induced fatigue by leveraging the natural mechanisms
involved in performing motor tasks. Building on this knowledge of selecting a biomimetic
stimulation template for muscle fatigue reduction, a deep learning framework was introduced
to predict myoelectric indices of muscle fatigue using SEMG signals which could be used to
facilitate real-time monitoring and adaptive control, thereby advancing the strategies to
mitigate stimulation induced muscle fatigue. The research methods and outcomes presented
in this thesis provide valuable tools for researchers and physiotherapists to select effective
stimulation patterns, thereby maximizing post-stroke rehabilitation benefits. Additionally,
the ability to forecast fatigue indicators can inform real-time modifications of stimulation
parameters. These advancements not only enhance the effectiveness of FES but also lay the
groundwork for future real-time fatigue management, allowing for dynamic adjustments to
ongoing FES sessions to optimize patient outcomes. The findings could improve FES therapy
for post-stroke patients, promoting faster recovery and greater independence.

vii



qar

TIF (Stroke), TR § T 1 SMY(d § G & T Toh AAshaTieehid BT & ST dfen geieft
SIS 1 TGTC &1 T2k ST S H Heg TR Tt o @ Ol 4 | Ush B A€ HAT(I gt 1 Th
TECU! HId 8| I8 ARSI o 18 3 STl ST GiormT &1 +ff S0 3 e 2, Foress afomesy
e St ST afd Sifaq s safth % IR o 3o i S TR 9T STerdt 81 I AMET
T I HIE bl T AT &, T H STeT STeAdT € SR ek Sfiar ot idferi s s 7 STt
a1 ST T 21 qaTeTa s ferf wr qd feurf § amom @™ % foTe, TeRte qate U STaiET stravEehd 2
U G T I GEHITT § T 7T § Toh €21k ohl T o Sl1E Uged D HelHT § Sehel U 3T ol sTeTel i o
THEE o ST AT TR R ST &ehd 8| 30 weie #, foreqa SasT-31Tenfid qaate, STt shrienss deem ol
ST AT &, qAT IS8 Frrfeneh forgld SIS (THSTE/FES) i 3@ ST 2, Sl Sherdl <@t 8| FES % 3wt
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Caption

The figure shows the various types of prevalent strokes [3]: Ischemic,
Hemorrhagic, and Transient Ischemic.

This vertical bar graph presents the total number of global deaths attributed to
stroke for three selected years: 1990, 2010, and 2019. Each bar represents the
death toll in millions for a specific year, illustrating changes over time in the
global stroke mortality rate.

This figure illustrates the average stroke-related healthcare cost per patient
across various countries [11], organized in descending order of cost. The
horizontal bars represent the financial burden of stroke care in United States
Dollar (USD) for each country, with color coding based on the World Bank
income classification. The income levels are defined as follows: high income
(sky blue), upper-middle income (orange), lower-middle income (yellow), and
low income (brown).

The figure shows the different types of paralysis in a human body. It includes
[30] (a) monoplegia: which paralyses one limb of the body, (b) hemiplegia:
which paralyses one side of the body, (c) paraplegia: which paralyses both
lower limbs of the body, (d) quadriplegia: which paralyses all limbs of the
body.

This figure shows the various rehabilitation techniques used in post-stroke
rehabilitation. (a) shows the conventional physiotherapy where patient is made
to practice various exercises [40]. (b) shows the setup for mirror therapy [41].
(c) represents a person experiencing virtual reality through a device wearable
on eyes [42]. (d) shows a robotic glove [43], to be worn on paretic hand for
repetitive movements. (¢) shows the stimulation of paretic arm with electrical
stimulator [44], and (f) shows the schematic diagram of transcranial magnetic
stimulation [45].

This figure shows the stimulation of axons externally using electrical pulses to
cause contraction in the muscle fibers. The signal coming from cell body has
been shown to be disrupted due to neurological impairment as in case of stroke.

Depiction of electrical stimulation at the neuronal level, showing how action
potentials can be manipulated by influencing the cell membrane [115]. In part
(a), the neuron is shown with stimulation activation and inhibition
mechanisms. The 'Stimulation Activation' on the left demonstrates how sodium
(Na*) channels open, allowing Na* to enter the cell, initiating depolarization.
This process creates a positive change in membrane potential, leading to the
generation of an action potential. In contrast, the 'Stimulation Inhibition' on the
right represents a state where Na* and potassium (K*) channels are regulated
in a way that prevents depolarization, stabilizing the membrane potential and
inhibiting action potential initiation. Part (b) shows the action potential
waveform, indicating the change in membrane potential over time, where the
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Fig.
2.1

Fig.
2.2

Fig.
23

Fig.

Fig.
2.5(a)

Fig.

initial depolarization phase is followed by repolarization back to the resting
membrane potential.

This schematic shows that when the natural pathways of movement control are
disrupted due to neurological impairments like stroke, artificial stimulation
(FES) using naturally inspired patterns could help restore the mobility. These
natural patterns are derived from the muscle synergies (activation coefficients
and weight vectors) of a healthy individual.

A schematic diagram of the activity of elbow flexion and extension performed
by a subject according to the instructions displayed on the screen.

(a) The figure shows the sensor placements on a subject. (b) shows the
synchronization of EMG system and goniometer through Delsys Trigger
Module. (¢) and (d) displays the acquired data in real time for sSEMG and
angular displacements respectively. SEMG electrodes 1, 2, 3, 4, 5, 6 represent
biceps brachii, brachioradialis, triceps short head, deltoid posterior, deltoid
lateral, and deltoid anterior muscles respectively.

An overview of the muscle synergy extraction steps.

Overview of the Calibration-Based Mapping Technique for FES Pattern Slope
Estimation. Section a: Various slopes of ramp and trapezoidal signals were FES
input (input (x) = current injection rate or signal slope = A) applied to the
biceps brachii and brachioradialis muscles of the subject. The resulting evoked
sEMG signals from these muscles were processed to obtain the evoked SEMG
envelop. The envelop is segmented and piecewise linearized to estimate the

slope (y).

Section b: Reconstructed SEMG envelops were generated using muscle
synergy vectors (weight matrix W and activation coefficients matrix H) and

2.5 (b) processed using rescaling, segmentation, and piecewise linearization. This

2.5(c)

Fig.

Fig.
2.7

provided the output slope ().

Section c: A calibration graph was created to relate the evoked sEMG slopes
(y) to FES stimulation pattern slopes (x). Using this calibration graph,
reconstructed SEMG slopes (§) were fed into the equation to predict
corresponding FES input slopes (x), enabling muscle synergy-based FES
patterns.

(a) shows the elbow flexion activity performed with an intervention of FES.
(b), (¢), (d), and (f) shows the system synchronization of sEMG sensors,
goniometer, and FES through Delsys Trigger Module. (f) and (g) show the FES
interface in MATLAB connected to the stimulator device shown in (e).

(a) This figure shows the chosen subject in the experimental setup. (b) Shows
the time protocol of each session for each slope datapoint of FES pattern.
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Fig.
2.8

Fig.

Fig.
2.10

Fig.
2.11

Fig.
2.12

Fig.
2.13

(a) Depicts the unfiltered raw evoked EMG corrupted with stimulation
artifacts. (b) Compares the raw evoked EMG with its bandpass-filtered
counterpart (20-150 Hz). The Signal-to-Noise Ratio (SNR) was calculated as
-9.2781 dB, where the signal corresponded to the bandpass-filtered eEMG, and
the noise represented the difference between the raw and bandpass-filtered
eEMG signal amplitudes.

Decomposition of the signal into Intrinsic Mode Functions (IMFs) using
Empirical Mode Decomposition (EMD). The figure displays 11 IMFs, ranging
from high-frequency components (IMF 1) to low-frequency components (IMF
11). Each IMF represents a distinct oscillatory mode inherent to the original
signal, arranged hierarchically based on their frequency content, with higher
frequencies appearing in the initial IMFs and progressively lower frequencies
in subsequent IMFs.

(a) Hlustrates the first two intrinsic mode functions (IMFs), labelled as "IMF
Artifact 1" and "IMF Artifact 2," extracted using Empirical Mode
Decomposition (EMD). These IMFs captured high-frequency artifacts
associated with stimulation noise. (b) Depicts the remaining IMFs (IMF EMG
1 to IMF EMG 8) representing the major physiologically relevant components
of the signal, with progressively lower frequencies. Each IMF highlights
distinct oscillatory behaviour.

(a) Represents the summation of artifact-related IMFs, illustrating the
components primarily associated with stimulation noise. These high-frequency
components were isolated during the Empirical Mode Decomposition (EMD)
process. (b) Depicts the summation of physiologically relevant IMFs,
highlighting the reconstructed signal associated with the evoked EMG activity
after removing artifact-related IMFs. This separation emphasizes the
effectiveness of EMD in distinguishing noise from meaningful signal
components.

(a) Mlustrates the notch-filtered artifact-related IMFs (IMF Artifact 1 and IMF
Artifact 2) after applying notch filters of 40 Hz harmonics to remove specific
frequency components associated with noise. The filtering effectively reduces
high-frequency noise while preserving relevant features of the signal. (b)
Depicts the summation of the notch-filtered artifact-related IMFs (IMF Artifact
1 and IMF Artifact 2), showing the combined impact of the filtering process
on the artifact-related IMFs. These filtered IMFs, now ready to be added to the
physiologically relevant IMFs.

(a) Compares the signal in green- obtained by summing the physiologically
relevant IMFs (referred to as the SEMG signal in this figure) with notch-filtered
artifact IMFs 1 and 2- versus the signal in red- obtained by summing SEMG
signal with only notch-filtered artifact IMF 1. This comparison highlights the
individual contributions of the notch-filtered artifact-related IMFs to the
summation of the physiologically relevant IMFs (sSEMG signal). (b) Depicts
the signals combining the sSEMG signal with notch-filtered artifact IMFs 1 and
2 (black), sSEMG with only notch-filtered artifact IMF 1 (pink), and the original
sEMG signal (yellow). The visualization demonstrates the effectiveness of
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Fig.
2.14

Fig.
2.15.

Fig.
2.16

Fig.
2.17

Fig.
2.18

Fig.
2.19

notch filtering in generating noise-reduced IMFs 1 and 2, which could be added
to physiologically relevant IMFs (SEMG signal).

The graph illustrates the Signal-to-Noise Ratio (SNR) values for various signal
pairs analysed to study the effectiveness of filtering and decomposition
methods in EMG signal processing.

Evoked EMG pre-processing: a) represents the raw EMG which resulted due
to electrically elicited contractions during estimation of peak stimulation
current for an individual. The high amplitude spikes corresponding to
stimulations often referred as stimulation artifacts are of high magnitude, many
times that of the original signal. b) The raw evoked EMG is treated with a
series of notch filters to remove 40 Hz and its harmonics which can be treated
as comb filter. b") The signal obtained from b is bandpass filtered from 25-450
Hz. ¢) The raw signal of evoked EMG is lowpass filtered at 4 Hz. d) The raw
evoked EMG is filtered using empirical mode decomposition following the
steps mentioned in [149]. Blanking window (not shown here) did not remove
all stimulation artefact as well.

S1 to S7 denotes the muscle synergies extracted for elbow flexion and
extension activity (S1-S6: healthy subjects, S7: post-stroke subject). The
weight vectors and temporal coefficients corresponding to muscle synergies of
each subject are shown in sub-figures. The muscles brachioradialis and biceps
brachii in each sub figure represents the reconstructed SEMG envelops post
NNME. The S7 block denotes the muscle synergies obtained from the non-
dominant limb of post-stroke subject. The number of synergies varied between
1 to 3. Subjects S1, S2, S3, S5, and S6 exhibited 2 muscle synergies, whereas
subject S4 exhibited 3 muscle synergies. The non-paretic limb which was also
the non-dominant limb of the post-stroke patient showed only 1 muscle

synergy.

This figure shows the inter-subject similarity of muscle synergies through heat-
map. It was found that subject S6 exhibited most similarity with other subjects
in terms of muscle synergy, expressible through lighter contrasts in heat-map.
Hence, S6 was chosen as the suitable template for driving FES. Each row and
column number (1-7) indicate the participant ID of 7 subjects where subject
ID 7 denotes non-paretic arm of post-stroke participant.

(a) Shows the FES ramp pattern with characteristic slope of @ mA/s. Whereas
(b) shows the eEEMG envelop piece linearly approximated via linear regression.
(c) shows the calibration graph between the FES slope and eEMG slope.

(a) Shows the chosen muscle synergy of a healthy individual S6. Two optimum
synergies were obtained after non-negative matrix factorization. The product
of weight vectors and temporal coefficients gives reconstructed EMG of
Brachioradialis and Biceps Brachii muscles. (b) Shows the FES pattern
constructed upon the slope characteristics of reconstructed EMG using the
FES-eEMG calibration graph. Each segment in the pattern is represented by
distinct color.
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Fig.

Fig.
3.2.

Fig.
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Fig.
3.4.

Fig.

3.5.
(A)

Fig.

3.5.
(B)

Fig.

3.6.

Fig.

Fig.

3.8.

Fig.

(a) Shows the manual intervention given by a physiotherapist to the post-stroke
patient to improve the elbow flexion activity, (b) Shows the same activity
performed with an intervention of FES.

This figure shows all the stimulation patterns used for stimulation. The first
stimulation pattern is a customized rectangular stimulation pattern with an
initial ramp-up stage followed by a 2s hold duration; the second is a trapezoidal
stimulation pattern with equal ramp-up and ramp-down time, it too contained
a 2s peak stimulation hold time, while the third one is a muscle-synergy-based
stimulation pattern which also contained a 2s peak stimulation hold time
followed by a two-tier decreasing pattern.

This figure shows the protocol followed in every session. There was a total of
35 cycles recorded. Between the two cycles there was a 10 s off period.

Shown in the above figure is a hemiparetic post-stroke participant. The
measurements of surface EMG signals from biceps brachii and brachioradialis
have been time synchronized by Delsys trigger module. The synchronous
pulses and the pattern of stimulation were controlled by MATLAB 19b version.

[llustrates how raw EMG is filtered to remove stimulation artifact using
empirical mode decomposition.

[lustrates the 0.5 sec window with 25% overlapping. Time and frequency
domain features are extracted from these windows according to the formulae
presented in the figure.

(a) Mean frequency (MNF) (restricted to 15 cycles for visualization) and (b)
angular displacements (restricted to 15 cycles for visualization) evoked during
customized rectangular stimulation pattern of a particular subject.

The figure in A shows the myoelectric index: mean frequency (MNF) from the
first 15 cycles, the features obtained from the frequency spectra were also
found to be cyclic in nature just like the activity of elbow flexion. The figure
in B shows the smoothed version of A obtained from using moving average
filter of 10 samples.

The peak value per cycle of mean frequency (MNF) was fitted linearly, the
slope gives the trend of myoelectric index MNF. Likewise other variables/
features/ indices were fitted to obtain trend/ slope.

The figure shows the distribution of myoelectric indices from three different
stimulation patterns W1, W2, W3 through histogram plot. The histogram in
blue describes the myoelectric indices calculated on evoked EMG from W1
(customised rectangular waveform), the histogram in yellow describes the
myoelectric indices calculated on evoked EMG from W2 (trapezoidal
waveform), and the histogram in orange describes the myoelectric indices
calculated on evoked EMG from W3 (muscle synergy-based waveform). MNF,
MDF, PTP, MAYV, and RMS represent mean frequency, median frequency,
peak-to-peak amplitude, mean absolute value, and root mean square
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Fig.
3.10.

Fig.
3.11.

Fig.
3.12.

respectively. Suffix BB and BR represents biceps brachii and brachioradialis
muscles.

The figure shows the average + standard deviation in slope values of
myoelectric indices of fatigue observed for healthy and post-stroke participants
in two muscles: biceps brachii and brachioradialis under three different
stimulation patterns. The figure depicts the inter group comparison of healthy
and post-stroke under three distinct stimulation patterns. BB and BR stand for
biceps brachii and brachioradialis respectively; P and H stand for Post-stroke
and Healthy; W1, W2, and W3 are the stimulation patterns. MNF, MDF, RMS,
MAYV, and PTP are the five myoelectric indices of fatigue. The red stars show
the significant difference observed between both the groups measured using
the Kruskal Wallis Test, p<0.05. While the only green star shows the significant
difference observed across different stimulation patterns in post-stroke group
(p<0.0167, Bonferroni corrected). The figure depicts that the stimulation
patterns W1 and W2 causes observable significant differences in certain
myoelectric indices between healthy and post-stroke groups revealing
population sensitivity even under a small sample size.

This figure shows the data analysis of peak values of myoelectric indices of
fatigue obtained on 35 cycles under different stimulation patterns for all
subjects, healthy and post-stroke. The values shown in blue represent
customized rectangular stimulation pattern (W1), orange represent trapezoidal
stimulation pattern, and grey represent muscle-synergy based stimulation
pattern. The Standard deviation, r-squared value of linear regression, and
Spearman’s rank correlation values on peak values of myoelectric indices are
shown for all subjects under three different stimulation patterns. The standard
deviation was found to be in the order of W1>W2>W3 in majority of the cases.
This analysis indicated that the data consistency/spread was more in muscle-
synergy based stimulation pattern (W3), in contrast to customized rectangular
pattern (W1) and trapezoidal stimulation pattern (W2). Spearman’s rank
correlation was negative for frequency domain myoelectric indices but for time
domain myoelectric indices strong positive values of rank correlation (r>0.85)
were also found. MNF, MDF, PTP, MAV, and RMS represent mean frequency,
median frequency, peak-to-peak amplitude, mean absolute value, and root
mean square respectively. Suffix BB and BR represents biceps brachii and
brachioradialis muscles. P1-P6 represents post-stroke participants and H1-H6
represents healthy participants. W1, W2, and W3 represent customised
rectangular waveform, trapezoidal waveform, and muscle synergy-based
waveform respectively.

The maximum angular displacements induced by each stimulation pattern
cycle-wise is shown in the above figure. Annotations P1-P6 denote post-stroke
participants while H1-H6 denote healthy participants. Equations and data
points in blue represent customized rectangular stimulation, red represents
trapezoidal stimulation pattern while black represents muscle synergy-based
stimulation pattern. The black data points are more consistent throughout the
cycles than blue and red in both post-stroke and healthy participants showing
that kinematic output declined the most in predefined stimulation patterns
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Fig.
3.13.

Fig.
3.14.

Fig.
3.15.

Fig.
4.1.

Fig.

(denoted in blue and red colors). The p-values of linear regression were found
to be less than 0.001 in all cases.

Standard deviation, r-squared value of linear regression, and Spearman’s rank
correlation values on peak angular displacement data points are shown for all
subjects under three different stimulation patterns. The standard deviation was
found to be in the order of WI>W2>W3. The r-squared value of linear
regression on peak angular displacement was in the order of W1>W2>W3.
Similarly, the Spearman’s rank correlation was more negative in the order of
W1>W2>W3. This analysis indicated that the data consistency/spread was
more in muscle-synergy based stimulation pattern (#3), in contrast to
customized rectangular pattern (W1) which was steeply declining as evident
from highly negative Spearman’s rank correlation and high data spread as
measured from standard deviation. The outcomes of trapezoidal pattern (/2)
lied in middle of the other two patterns (W1 & W3).

This figure depicts the decline of angular displacements in FES-assisted elbow
flexion activity for six post-stroke subjects under three distinct FES patterns or
waveforms with respect to their Fugl-Meyer Score.

* W1 (Blue) — Customized Rectangular Waveform
* W2 (Red) — Trapezoidal Waveform
* W3 (Black) — Muscle Synergy-Based Waveform

This comparison highlights a monotonous trend in the kinematic outcome
(angular displacement) improvement while moving from conventional
unguided waveforms W1 and W2 to the muscle synergy-based waveform W3.

This figure depicts the continuous wavelet transform of evoked EMG signal
generated during cycles of FES induced elbow flexion. From the figure it could
be observed how the low frequency components become prominent as the
cycle number increased which is indicative of fatigue. This phenomenon can
be captured using mean and median frequency of power spectral density of
small 0.5 second windows. Distributing a cycle into small windows for spectral
analysis is done with an assumption that the signal remains stationary during
short time spans.

(a) This figure shows the experiment setup for the biceps curl activity (that is
a full elbow flexion extension) with 1 kg, 2 kg, 3 kg, and 4 kg weights to induce
fatigue. SEMG sensors were synchronized with goniometer using DELSYS
Trigger Module. (b) This figure shows one cycle of the biceps curl, here, cycle
means one complete elbow flexion and extension. Participants were requested
to repeatedly perform biceps curls for 7 minutes under each weight (1 kg, 2 kg,
3 kg, 4 kg). A break of 20 minutes was given before proceeding further with
another weight. The maximum flexion angle and pace at which the activity was
performed were subject- specific.

(a) This figure shows the experimental setup for elbow flexion in sagittal plane.
(b) This figure shows the protocol followed in every session of electrically
induced elbow flexion. There was a total of 35 cycles recorded. Between the
two cycles there was a 10 s off period. Three different stimulation patterns
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Fig.
4.3.

Fig.
4.4.

Fig.
4.5.

Fig.
4.6.

Fig.
4.6.

(b)

Fig.
4.7.

(customized rectangular, trapezoidal, muscle synergy-based) were tested with
an inter-session gap of 1 hour 30 minutes on both healthy and post-stroke
participants.

This figure shows all the stimulation patterns used for stimulating biceps
brachii and brachioradialis. The first stimulation pattern is a customized
rectangular stimulation pattern with an initial ramp-up stage followed by a 2 s
hold duration; the second is a trapezoidal stimulation pattern with equal ramp-
up and ramp-down time, it contained a 2 s peak stimulation hold time too,
while the third one is a muscle-synergy-based stimulation pattern which also
contained a 2 s peak stimulation hold time followed by a two-tier decreasing
pattern. The peak current to achieve maximum elbow flexion was subject
specific.

In this figure, (a) shows the volitional EMG, whereas (b) and (c) shows the
time domain and the frequency domain myoelectric indices of fatigue, RMS
and MNF respectively. The signals were obtained during voluntary dynamic
contractions done by a participant bearing 1 kg weight. The indices shown in
(b) and (c) as time series, were obtained on EMG shown in (a).

In this figure, (a) shows the evoked EMG, whereas (b) and (c) shows the time
domain and the frequency domain myoelectric indices of fatigue, RMS and
MNF respectively. The signals were obtained during FES induced dynamic
contractions from a participant under customized rectangular stimulation
pattern. The indices shown in (b) and (c) as time series, were obtained on EMG
shown in ().

This figure shows the forecasting framework where previous data stored as
data bufter is split into input and target windows which are used to train deep
learning model. Once trained the deep learning model can start forecasting on
real time data incoming to the model from timestamp tm.

This figure shows window slicing scheme or say how the time series data has
been split into input and forecasting windows successively for training a deep
learning model. It also shows the training and testing methodology. For better
understanding the ratio of input to forecasting window has been kept as 10:1
which reflects the findings of the present work. A time series has been
distributed into training to testing ratio of x: y. The x timesteps or samples were
fed into the model, each model input was an input window which consisted of
20 timesteps or samples. Whereas the model output also known as the
forecasting window consisted of 2 timesteps or samples. Once the model got
trained it was used to forecast future timesteps, however the forecasted
timesteps were also compared with the real values in that period which resulted
towards the forecasting error.

Network Architecture of MEFFNet: the input vectors shaped according to
input window length were passed through a 1 D convolutional layer for feature
extraction followed by a max pooling layer, the resultant was passed through
an attention layer for selection of the most prominent features by giving it more
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Fig.
4.8.

Fig.
4.9.

Fig.

4.10.

Fig.

4.11.

Fig.

4.12.

Fig.

4.13.

attention. The resultant of the attention block was fed into the bidirectional
LSTM network of two hidden layers followed by an attention, flatten and fully
connected dense layer. The output of the last dense layer corresponds to the
forecasting window length.

This figure shows the mean absolute percentage error (MAPE), averaged
across subjects, conditions, and muscles, as a function of the input window and
forecasting window for MEFFNet while forecasting myoelectric indices of
fatigue (ARV, RMS, MNF, and MDF) obtained during voluntary dynamic
contractions. The standard deviations (mean + SD) are represented in black
star (*), while the standard deviations (mean- SD) are shown in pink filled
circles (°).

This figure shows the mean absolute percentage error (MAPE) as a function
of the input window and forecasting window for Vanilla LSTM model under
consideration while forecasting myoelectric indices of fatigue (ARV, RMS,
MNF, and MDF) obtained during voluntary dynamic contractions across
subjects, muscles, and conditions. The standard deviations (mean + SD) are
represented in black star (*), while the standard deviations (mean- SD) are
shown in pink filled circles (°).

This figure shows the mean absolute percentage error (MAPE) as a function
of the input window and forecasting window for LSTM model under
consideration while forecasting myoelectric indices of fatigue (ARV, RMS,
MNF, and MDF) obtained during voluntary dynamic contractions across
subjects, muscles, and conditions. The standard deviations (mean + SD) are
represented in black star (*), while the standard deviations (mean- SD) are
shown in pink filled circles (°).

This figure shows the mean absolute percentage error (MAPE) as a function
of the input window and forecasting window for BiLSTM model under
consideration while forecasting myoelectric indices of fatigue (ARV, RMS,
MNF, and MDF) obtained during voluntary dynamic contractions across
subjects, muscles, and conditions. The standard deviations (mean + SD) are
represented in black star (*), while the standard deviations (mean- SD) are
shown in pink filled circles (°).

This figure shows the mean absolute percentage error (MAPE) as a function
of the input window and forecasting window for CNN model under
consideration while forecasting myoelectric indices of fatigue (ARV, RMS,
MNF, and MDF) obtained during voluntary dynamic contractions across
subjects, muscles, and conditions. The standard deviations (mean + SD) are
represented in black star (*), while the standard deviations (mean- SD) are
shown in pink filled circles (°).

This figure shows the mean absolute percentage error (MAPE) as a function
of the input window and forecasting window for stacked dilated causal CNN
model under consideration while forecasting myoelectric indices of fatigue
(ARV, RMS, MNF, and MDF) obtained during voluntary dynamic contractions
across subjects, muscles, and conditions. The standard deviations (mean + SD)
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are represented in black star (*), while the standard deviations (mean- SD) are
shown in pink filled circles (°).

This figure shows the mean absolute percentage error (MAPE) as a function
of the input window and forecasting window for GAN model under
consideration while forecasting myoelectric indices of fatigue (ARV, RMS,
MNF, and MDF) obtained during voluntary dynamic contractions across
subjects, muscles, and conditions. The standard deviations (mean + SD) are
represented in black star (*), while the standard deviations (mean- SD) are
shown in pink filled circles (°).

This figure shows the mean absolute percentage error (MAPE), averaged
across subjects, conditions, and muscles, as a function of the input window and
forecasting window for MEFFNet while forecasting myoelectric indices of
fatigue (ARV, RMS, MNF, and MDF) obtained during FES-induced dynamic
contractions. The standard deviations (mean + SD) are represented in black
star (*), while the standard deviations (mean- SD) are shown in pink filled
circles (°).

This figure shows the mean absolute percentage error (MAPE) as a function
of the input window and forecasting window for Vanilla LSTM model under
consideration while forecasting myoelectric indices of fatigue (ARV, RMS,
MNF, and MDF) obtained during FES-induced dynamic contractions across
subjects, muscles, and conditions. The standard deviations (mean + SD) are
represented in black star (*), while the standard deviations (mean- SD) are
shown in pink filled circles (°).

This figure shows the mean absolute percentage error (MAPE) as a function
of the input window and forecasting window for LSTM model under
consideration while forecasting myoelectric indices of fatigue (ARV, RMS,
MNF, and MDF) obtained during FES-induced dynamic contractions across
subjects, muscles, and conditions. The standard deviations (mean + SD) are
represented in black star (*), while the standard deviations (mean- SD) are
shown in pink filled circles (°).

This figure shows the mean absolute percentage error (MAPE) as a function
of the input window and forecasting window for BiLSTM model under
consideration while forecasting myoelectric indices of fatigue (ARV, RMS,
MNF, and MDF) obtained during FES-induced dynamic contractions across
subjects, muscles, and conditions. The standard deviations (mean + SD) are
represented in black star (*), while the standard deviations (mean- SD) are
shown in pink filled circles (°).

This figure shows the mean absolute percentage error (MAPE) as a function
of the input window and forecasting window for CNN model under
consideration while forecasting myoelectric indices of fatigue (ARV, RMS,
MNF, and MDF) obtained during FES-induced dynamic contractions across
subjects, muscles, and conditions. The standard deviations (mean + SD) are
represented in black star (*), while the standard deviations (mean- SD) are
shown in pink filled circles (°).

XXVviii

AP1-
166

134

AP1-
167

AP1-
168

AP1-
169

AP1-
170



Fig.
4.20.

Fig.
4.21.

Fig.
4.22.

Fig.
4.23.

Fig.
4.24.

This figure shows the mean absolute percentage error (MAPE) as a function
of the input window and forecasting window for Stacked Dilated Causal CNN
model under consideration while forecasting myoelectric indices of fatigue
(ARV, RMS, MNF, and MDF) obtained during FES-induced dynamic
contractions across subjects, muscles, and conditions. The standard deviations
(mean + SD) are represented in black star (*), while the standard deviations
(mean- SD) are shown in pink filled circles (°).

This figure shows the mean absolute percentage error (MAPE) as a function
of the input window and forecasting window for GAN model under
consideration while forecasting myoelectric indices of fatigue (ARV, RMS,
MNF, and MDF) obtained during FES-induced dynamic contractions across
subjects, muscles, and conditions. The standard deviations (mean + SD) are
represented in black star (*), while the standard deviations (mean- SD) are
shown in pink filled circles (°).

(a) The boxplots show the distribution of mean absolute percentage error
(MAPE) for each model under the four myoelectric indices of fatigue (ARYV,
RMS, MNF, and MDF). Each plot contains data from all ten muscles involved
in biceps curl (voluntary dynamic contractions) activity of sixteen healthy
subjects under all weights: 1 kg, 2 kg, 3 kg, 4 kg. The pretrained MEFFNet
outperforms other models under consideration with MAPE of 15.99 + 6.48%.
(b) The statistical comparison across the models reveals significant differences
between each pair. The presence of significant difference can be observed by
the blue star placed on top of each model which is compared with the model
having red square on top.

(a) The boxplots show the distribution of mean absolute percentage error
(MAPE) for each model under the four myoelectric indices of fatigue (ARYV,
RMS, MNF, and MDF). Each plot contains data from two stimulated muscles
(biceps brachii and brachioradialis) under three different stimulation patterns
(customized rectangular, trapezoidal, and muscle synergy-based) involved in
FES induced elbow flexion activity in seventeen post-stroke and sixteen
healthy participants. The pretrained MEFFNet outperforms other models under
consideration with MAPE of 11.93 + 4.77%. (b) The statistical comparison
across the models reveals significant differences between each pair. The
presence of significant difference can be observed by the blue star placed on
top of each model which is compared with the model having red square on top.
The absence of blue star over MEFFNet when compared with GAN (red
square) represents absence of any significant difference, p=0.067.

(a) This figure represents the first testing window for ARV time series taken
from an exemplar trial of FES-induced dynamic contractions under muscle
synergy-based stimulation pattern (biceps brachii muscle), where 600 samples
of ARV shown in red color were used to forecast next 60 samples. The
forecasted samples shown in blue color are compared with the real values also
shown with red color (b) This figure shows the actual values of ARV time
series (in red color) and the forecasted values using pretrained MEFFNet (in
purple color during training and blue color during testing). (c) This figure
shows the percentage error on the forecasted values demonstrated in (b) for
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both training and testing. The mean absolute percentage value of the errors
obtained in (c) was found to be 3.21% for training samples and 3.60% for
testing samples.

This figure shows the time domain indicator of muscle fatigue RMS and
frequency domain indicator of muscle fatigue MNF for voluntary (under 1 kg
weight) in (a) and (c) and for FES-induced contractions (upon administration
of muscle synergy-based stimulation pattern) in (b) and (d) respectively. The
frequency domain feature shows declining values with consecutive cycles for
both voluntary and FES-induced contractions. The time domain feature had
shown increasing trend for voluntary dynamic contractions and decreasing
trend for FES induced contractions. All the myoelectric indices have been
closely predicted by pretrained MEFFNet. The actual values of these time
series of features (in red color) and the forecasted values using pretrained
MEFFNet (in purple color during training and blue color during testing) show
the predicting ability of pretrained MEFFNet.

This figure shows the forecasting performance of pretrained MEFFNet across
the healthy (subjects- 1 to 16) and post-stroke (subjects- 17 to 33) group for all
myoelectric indices obtained under three different stimulation patterns for
biceps brachii and brachioradialis muscles.

This figure represents the statistical comparison between the healthy and post-
stroke group tested using the Kruskal Wallis test (p>0.05, x2 =3.7) for all
conditions and muscles pooled.

The figure shows the autocorrelation of the myoelectric indices obtained from
volitional EMG (VEMG) with different lag for voluntary dynamic contractions.
The time domain indices ARV and RMS showed a mean absolute
autocorrelation (MAA) of 0.1205 and 0.1225. Whereas the frequency domain
indices MNF and MDF showed a mean absolute autocorrelation (MAA) of
0.0307 and 0.0243. The MAA values of time domain indices were higher than
that of frequency domain indices. This indicated the presence of fluctuations
in seasonal components of frequency domain indices which led to smaller
MAA values. The muscle under consideration was biceps brachii under 1 kg
weight.

The figure shows the autocorrelation of the myoelectric indices obtained from
evoked EMG (eEMG) with different lag for FES-induced dynamic
contractions. The time domain indices ARV and RMS showed a mean absolute
autocorrelation (MAA) of 0.3397 and 0.2687. Whereas the frequency domain
indices MNF and MDF showed a mean absolute autocorrelation (MAA) of
0.4145 and 0.3469. The MAA values of all indices were similar indicating
similarities among these indices which were treated as different time series.

Fig. 4.29. The figure shows the autocorrelation of the myoelectric indices of
volitional EMG (VEMG) with different lag for voluntary dynamic contractions.
The time domain indices ARV and RMS showed a mean absolute
autocorrelation (MAA) of 0.18 and 0.18 for flexor muscle -biceps brachii as
shown in (a), 0.21 and 0.18 for extensor muscle -triceps long head as shown in
(b), and 0.35 and 0.35 for synergist muscle -medial deltoid as shown in (c).
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The MAA values of synergist muscles across all subjects under all weights
were significantly different from that of flexor muscles and extensor muscles
(p<0.05, the Kruskal Wallis test, and for pair-wise comparisons, p<0.01, Dunn
Test Bonferroni Corrected).
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