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A Physics-Informed Low-Shot Adversarial
Learning For sEMG-Based Estimation of Muscle
Force and Joint Kinematics

Yue Shi, Shuhao Ma, Yihui Zhao, Chaoyang Shi, and Zhigiang Zhang

Abstract—Muscle force and joint kinematics estimation
from surface electromyography (sEMG) are essential for
real-time biomechanical analysis of the dynamic interplay
among neural muscle stimulation, muscle dynamics, and
kinetics. Recent advances in deep neural networks (DNNs)
have shown the potential to improve biomechanical anal-
ysis in a fully automated and reproducible manner. How-
ever, the small sample nature and physical interpretability
of biomechanical analysis limit the applications of DNNs.
This paper presents a novel physics-informed low-shot
adversarial learning method for sEMG-based estimation of
muscle force and joint kinematics. This method seamlessly
integrates Lagrange’s equation of motion and inverse dy-
namic muscle model into the generative adversarial net-
work (GAN) framework for structured feature decoding and
extrapolated estimation from the small sample data. Specif-
ically, Lagrange’s equation of motion is introduced into
the generative model to restrain the structured decoding
of the high-level features following the laws of physics. A
physics-informed policy gradient is designed to improve
the adversarial learning efficiency by rewarding the consis-
tent physical representation of the extrapolated estimations
and the physical references. Experimental validations are
conducted on two scenarios (i.e. the walking trials and
wrist motion trials). Results indicate that the estimations
of the muscle forces and joint kinematics are unbiased
compared to the physics-based inverse dynamics, which
outperforms the selected benchmark methods, including
physics-informed convolution neural network (PI-CNN), val-
lina generative adversarial network (GAN), and multi-layer
extreme learning machine (ML-ELM).

Index Terms— muscle force and joint kinematics, surface
Electromyographic, low-shot learning, generative adversar-
ial network, physics-informed optimization, mode collapse

[. INTRODUCTION

UMAN movements involve complex interactions within
the neuromuscular system. The estimation of muscle
force and joint kinematics dynamics provides detailed biome-
chanical analysis to understand the human neuromuscular
system [1], [2], which benefits high-level exoskeleton control
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in human-robot interaction (HRI) applications, such as sports
rehabilitation [3], [4] and human augmentation [5], [6]. In
biomechanical engineering, the joint kinetics and kinematics
generated by muscle contraction affect the flexibility and
efficiency of human locomotion [7]. How to estimate muscle
force and joint kinematics accurately and reproducibly has
become an important research target in biomechanics.

However, the high flexibility of human locomotion deter-
mines that it is difficult to establish the model accurately,
especially involving interactive joint kinetics and kinematics
dynamics [8]. This challenge directly affects the efficiency
and feasibility of biomechanical engineerings, such as human-
exoskeleton cooperative control, in real-world scenarios [9].
As one of the myoelectric signals, surface electromyography
(sEMG), which can be captured easily from human skin, have
been proven effective to high-precision estimation of joint
kinetics and kinematics [10]. It augments the cognitive synergy
between human and robotic entities [11]. Therefore, the corre-
lation between sSEMG signals and the exerted force/locomotion
deserves to be comprehensively investigated.

There are many existing physics-based models developed
to establish the forward and inverse relationship between
the SEMG signals and the joint kinetics and kinematics to
interpret transformation among neural excitations and muscle
dynamics [12], [13]. These forward-inverse dynamics-based
approaches estimate the continuous muscle force and joint
kinematics through the sEMG-driven muscle activation dy-
namics, muscle contraction dynamics, and musculoskeletal
geometry. For example, Pau et al [14] introduced a combined
approach using a simplified geometric and musculoskeletal
model to predict continuous elbow joint movement. Hashemi
et al [15] achieved precision muscle force estimations through
the integration of angle-based sSEMG amplitude calibration
with parallel cascade identification, experimental outcomes
indicate that their method yields a reduced estimation error
rate during dynamic muscle contractions. Huang et al [16]
gathered SEMG signals utilizing a high-density electrode grid
and employed the non-negative matrix factorization algorithm
for the joint kinetics estimation. Although such physics-based
models explicitly explain and map sEMG signals to joint
kinematics, the high cost of their static optimization has always
limited the practical applications of these models [17], [18].

Recently, deep neural networks (DNNs) have provided an
alternative solution to map the sEMG signals to the joint
kinetics and kinematics [19], [20]. In this kind of model,
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the multi-layer convolution architecture has been explored
to establish relationships between movement variables and
neuromuscular status [21], [22]. For example, Nasr et al [23]
mapped the SEMG signals to the regression of joint angle,
joint velocity, joint acceleration, joint torque, and activation
torque, illustrating that the multi-layer convolution operators
are capable of extracting underlying motor control informa-
tion. Zhang et al [22] developed an active deep convolutional
neural network to enhance the dynamic tracking capability of
the musculoskeletal model on unseen data.

Despite the advantages, traditional DNNs are data-hungry
and their performance is highly dependent on the quantity
and quality of data [24]. Meanwhile, biomechanics analysis
is typically a physics-based extrapolation process with small
sample nature [25], [26]. Therefore, it is a challenge to train
DNNs with small sample data so that the DNNs perform
consistently with the physics-based model. To fill this research
gap, the low-shot learning (LSL) technique has attracted many
researchers’ attention [27]-[29]. For example, Rahimian et al
[30] introduced a Few-Shot Learning Hand Gesture Recogni-
tion (FS-HGR) model to enhance the generalization capability
of DNNs from a limited number of instances. Lehmler et al
[31] explored a low-shot learning methodology that adjusts
DNNs to new users with only a small size of training data.

In addition, the generative adversarial network (GAN)
framework has shown great potential in handling physical
extrapolating and predictive problems [21], [32], [33]. The
GAN-based model is capable of discovering the structured
patterns of the references and extrapolating the underlying
data distribution characteristics during the adversarial learning
process [34]. For example, Chen et al [35] tested and evaluated
the performance of the deep convolutional generative adver-
sarial network (DCGAN) on sEMG-based data enhancement,
and their results indicated that the extrapolated data is able
to augment the diversity of the original data. Fahimi et al
[36] proposed a generative adversarial learning framework
for generating artificial electroencephalogram (EEG) data to
extrapolate the brain-computer interface, and their findings
suggest that generated EEG augmentation can significantly
improve brain-computer interface performance.

In this study, we propose a physics-informed low-shot
adversarial learning method for muscle force and joint kine-
matics estimation from multi-channel sEMG signals. This
method seamlessly integrates physics knowledge with the
GAN framework for structured feature decoding and extrap-
olated estimation from the small sample data. Specifically,
Lagrange’s equation of motion is introduced into the gener-
ative model to restrain the structured decoding of the high-
level features following the laws of physics. And a physics-
informed policy gradient is designed to improve the low-shot
adversarial learning efficiency by rewarding the consistent
physical representation of the extrapolated estimations and
the physical references. Results show the muscle forces and
joint kinematics prediction from the proposed method are
environment-adaptive and unbiased compared to the ground
truth measurement.

The remainder of this paper is organized as follows: Section
II detailed describes the algorithm of the proposed physics-

Multi-channel SEMG

,,,,,,,,,,,,

Generated Negative-sample

[ Physics-Informed Policy Gradient ]

Fig. 1. The main architecture of the proposed physics-informed low-
shot generative adversarial learning for muscle force and joint kinemat-
ics prediction from multi-channel sEMG time-series

informed policy gradient for reinforcement generative adver-
sarial learning, including the mathematics framework of the
algorithm and network architectures. Section III presents the
material and experimental methods. Section IV discusses the
experimental results and model evaluations. and Section V
presents the conclusions.

[I. PHYSICS-INFORMED LOW-SHOT ADVERSARIAL
LEARNING METHOD

The continuous estimation of muscle forces (F') and joint
kinematics(f) from multi-channel SEMG can be denoted as
the time-series generation problem. Thus, given a real multi-
channel sEMG time series, we train a o parameterized gener-
ative network G, to estimate the muscle force (F ) and joint
kinematics (é). In this section, we propose a GAN framework,
as shown in Fig.1, to train the G, on the small sample data.
Specifically, we denote the G, estimated F and 6 as the
negative samples (see details in Section II-B), the ground
truth 6 and the inverse dynamics-based F' [37] as positive
samples (i.e. references). The ¢-parameterized discriminative
model Dy is introduced to distinguish the positive samples
and negative samples (see details in Section II-C). During
adversarial learning, the task of Dy is to determine if an
input sample is positive or negative, and the task of G,
is to generate the unbiased negative samples to fool the
discriminator Dg. The model optimization process is driven
by the newly proposed physics-informed policy gradient (see
details in Section II-A) which rewards the homogeneity of
physics representation and structural characteristics between
the positive and negative samples.

A. GAN optimization via physics-informed policy gradient

The physics-informed policy gradient method, inspired by
reinforcement learning [38], aims to optimize the learning
process of the GAN-based model yielding physical extrap-
olations from the small sample data (i.e. low-shot learning).
Mathematically, the physics-informed policy gradient method
maximizes its expected reward J (o) based on the physics law
and structured characteristics from the small sample data. The
J(o) consists of two parts, the structural reward R, and
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physics representation action Qg((;)) The J(o) is defined as
follows.

J(0) = E[Re, (Go(sEMGo.1))]
: ng((Ga(SEMGo:T)» [F,0]o.1)
= E[Rg, ([F, 0]o.1)]
- QE5([F, Olo.r, [F, 0lo:1)

where sEM G.7 is the input multi-channel SEMG time series
for T time steps. The J(o) is beginning with the expected
reward from a predetermined state from the positive samples.
And then, the Rg, and @ D((’;)) will jointly optimize the
generative network G, to generate the unbiased ([F',6]o.7)
following the physics laws.

Specifically, the structural reward R¢,
G, and defined as follows.

(D

is computed by the

Ra(([F, 0)o.r) = exp?t* (F0lor) 2

where PL([F',]o.r) is the physics law used to restrict the
hierarchical structure of the generated data, which provides the
additional information to the regularize the learning process
from the small sample data. In this case, we use the Lagrange
equation of motion [37] as the physics law, which is defined
as follows.

1 T
Z 9t 9t +c etaet)
= 3)

_ Z - ﬁvtn)Q
n=1

where T is the number of time-steps, N is the channels of
the F', m(6y), ¢(8;,6,), and g(f;) denote mass matrix, the
Centrifugal and Coriolis force, and the gravity, respectively
[17] and 7,, is the moment arm of the muscle F”, which is
exported from OpenSim. In this manner, the G, will generate
the structured outputs of (F', ).

The Qg((‘;)) is computed by the D(¢) and interprets the
physics constraint action values as the estimated probability of
being physics real by D(¢). These physics constraint action
values lead to the improvement of GAN model 1n ;)hysical
extrapolation from the small training data. The Q D(g) Can be
formulated as:

PL([F,0)0.7) =

QP (Go(sEMGo.r), [F. flor) =
B\ £ 010 ~[F,0)0. 108 Do([F, Olor))+ 4)
B (£ 100G (s EMGop)y 1081 — Do([F, 0]o.1))]

For each epoch, once the new R and QG(( ¢)) has been

obtained, the policy model G(o) will be updated following
the gradient of the reward function as follows.

VO'J(O-) :E[F,é]U:T’\‘Ga(SEMG();T)
> " VoRe, ([F.0or|[F.0or) )

- Q57 (IF, Olo.r, [F, lor)

Using likelihood ratios, the unbiased estimation for Eq. 5
on one epoch can be described as follows.

T
~ = Z > VoRa, (ul[F.0))

=1 UtE[F7é]t

ts Fag
ng [F.6],) "

=;Z > Go(wl[F,0):)V o log Go(yi|[F, 0])

t=1 ytE[F,é]t

'Qg{;(yt; [F,0]:)

The parameters of the policy model G, can be updated as
follows.

o+ o+ aV,J (o) 7

where a € R is the learning rate.

Algorithm 1 Generative adversarial learning via physics-
informed policy gradient

Require: generator network G,; discriminator Dg; input
multi-channel SEMG dataset sEMG = {X;.r}; Inverse
dynamics positive samples Pos

1: Initialize G, Dy with random weights o, ¢.

2: Pre-train G, using MLE on sEMG

3: Pos < G,

4: Generate negative samples using G, for training Dy

5: Pre-train Dy via minimizing the cross entropy

6: repeat

7. for G, training-steps do

8 Generate [F, 0] time series via G,

9: for t in O:T do

10: Compute Qg‘; by Eq. 4

11: end for

12: Update generator parameters via physics-informed
reward Eq. 7

13:  end for
14:  for d-steps do

15: Use current G, to generate negative examples and
combine them with given positive examples Pos

16: Train discriminator Dy for k epochs.

17 end for

18: B+ o

19: until GAN converges

To summarize, Algorithm 1 provides an in-depth look
at our proposed GAN optimization via a physics-informed
policy gradient. Initially, G, is pre-trained on the training set
sEMG = {X1.r} using the maximum likelihood estimation
(MLE). And then, the G, and D, undergo adversarial learn-
ing. As the G, improves, the Dy is routinely retrained to stay
synchronized with the GG, improvement. We ensure balance
by generating an equal number of negative samples for each
training step as the positive samples.
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B. The generative network

The proposed physics-informed low-shot learning method
does not depend on the specific generative network archi-
tecture. In this study, considering the long-term temporal
dependencies of the F' and 6 sequences to the input multi-
channel sEMG sequence, we employ the Long Short-Term
Memory (LSTM) cells to our generative model [39]. The
architecture of the generator network G is shown in Fig.2. It
serves three functions: multi-channel sSEMG feature extraction,
residual learning with LSTM, and musculoskeletal tokens
sequence generation.

Firstly, for the multi-channel sSEMG feature extraction, a 1-
dimensional (1D) convolution filter with a 2/times1 kernel is
introduced to capture the multiple SEMG features at time step
t. The extracted convolution features represent the hierarchical
structures of the multi-channel sEMG. In this study, the
convolution kernel is set to 1 x b for a b-channel sEMG
input. Considering the batch normalization (BN) layer would
normalize the features and get rid of the range flexibility for
upscaling features [40], no BN layer is used here to avoid
blurring the SEMG responses hidden in the extracted features.
The max-pooling layer is used to combine the extracted sSEMG
features into a single neuron by using the maximum value from
each convolution window. The max-pooling operation reduces
the number of parameters and network computation costs and
has the effect of adjusting over-fitting.

Secondly, the LSTM blocks are employed for residual
learning of the time-series characteristics of the target mus-
culoskeletal tokens. The LSTM layer is well suited for time-
series sequence generation by addressing the explosive and
vanishing gradient issues [38]. An LSTM block consists of
a memory cell, an input gate, an output gate, and a forget
gate, the detailed definitions of the components are described
in [40]’s study. Specifically, in this study, in time step ¢, the
memory cell remembers structured feature values over the
previous ¢ — 1 intervals and the three gates regulate the flow
of information into and out of the memory cell, which has
a great preference for preserving long-term temporal structure
characteristics by consolidating previous temporal correlations
as memory units. Meanwhile, the high-level SEMG features
extracted from the convolution layer represent the current
multi-channel SEMG responses to muscle force and joint
kinematics. The skip-connect of the memory cell and the high-
level SEMG features not only represent extracted local kinetic
invariances but also represent the temporal dynamics of the
motions.

It is noteworthy that the traditional LSTM layer only pro-
duces fitness between the current time step and the previous
time steps. However, we expect the model also can pay insight
into the resulting future outputs. In order to compute the action
value for future physical fitness, a Monte Carlo (M C) search
with a roll-out strategy is used to sample the unknown last
T —t time steps. and the /N-time Monte Carlo search can be
formulated as:

{(Fo.r,00.7)", ..., (Four, Bor)™ = MC(Foi, 00:)}  (8)
Finally, the output of the LSTM unit is flattened to a feature

Pooling layer LSTM layer

Convolutional layer

o [JOe—(
e ‘

{ f
oftmax ||

SEMG1-SEMGn output

Fig. 2. The network architecture of the generator network in the pro-
posed physics-informed reinforcement generative adversarial learning.

vector and the fully connected layers are used to decode
the high-level features into the muscle force F' and joint
kinematics 6 sequence over a motion period.

C. The discriminative model

In this study, a ¢ parameterized discriminator network D
is built to guide the iterations of G, from the small sample
data. Dy outputs a probability indicating the heterogeneity
between [F, 6] and [F,0]. For this purpose, we employ a
convolution neural network (CNN) [41] as the discriminative
model because of its successful applications in sequence clas-
sification. In this study, we concentrate on the situation where
the discriminator estimates the likelihood of a completed [F , é]
time-series from the physical-law model (i.e. I D).

We first represent an input muscle force and joint kinematics
time series X1, ..., T as

Eor = [F, 010 ® [F,0)2 @ ... ® [F, )1 )

where, z; € R? is the muscle force and joint kinematics in
time-step ¢ and @ is the concatenation operator to build the
matrix E,.7 € RT. Then the convolution operator is used to
produce a new feature map:

ci = p(w® Eiiy1—1 +0) (10)

where © is the element-wise production, b is a bias term and
p is a non-linear function. In this study, the discriminator,
as shown in Fig.3, employs various numbers of kernels with
different window sizes to extract different features from the
input musculoskeletal sequence. And the max-pooling opera-
tion over the feature maps to reduce the number of parameters
and network computation costs. In order to enhance the
discrimination performance, a highway operator [42] based on
the pooled feature maps is also employed in our discriminative
model. Finally, a fully connected layer with softmax activation
is used to output the estimation of the likelihood that the input
sequence conforms to physical laws.

I1l. MATERIAL AND EXPERIMENTAL METHODS

In this study, we test our proposed method on two joint
motion scenarios. The first one is the knee joint modeling
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Fig. 3. The network architecture of the discriminative model in the pro-
posed physics-informed reinforcement generative adversarial learning.

from an open-access dataset of walking trials, and the second
one is the wrist joint modeling from the self-collected dataset
of wrist motions.

A. Open-access dataset of walking trials

The open-access dataset of walking trails is obtained from a
real-world experiment reported in [43]. This dataset involves
six healthy participants with an average age of 12.9 + 3.2
years and an average weight of 51.8 + 19.1 Kg. Participants
are instructed to walk at four distinct speeds, which include
very slow (0.53 £ 0.1 m/s), slow (0.75 & 0.1 m/s), free (1.15
4 0.08 m/s), and fast (1.56 4= 0.21 m/s) speeds. The SEMG sig-
nals are captured from the bicepsfemorisshorthead (BFS)
and the rectusfemoris (RF) as they are the primary flexor
and extensor of the knee joint. In this study, we normalize
each gait cycle into 100 frames for model training and testing,
and the original data for model extrapolation evaluation. In
the model training and testing session, each walking trial
sample is formatted into a source matrix that includes the
time step, gait motion data (i.e. ground truth 6 and the inverse
dynamics-based F), and enveloped SEMG signals. All of the
samples from different participants are combined to create a
comprehensive dataset for model training and testing.

B. Self-collected dataset of wrist motions

Our wrist motions experiment, approved by the MaPS and
Engineering Joint Faculty Research Ethics Committee of the
University of Leeds (MEEC 18-002), involved six participants
with signed consent. Participants were instructed to keep
their torso straight with their shoulder abducted at 90 degrees
and their elbow joint flexed at 90 degrees. The VICON
motion capture system is used to record continuous wrist
flexion/extension motion. Joint motions are calculated using
an upper limb model with 16 reflective markers with 250
Hz sampling rate. Concurrently, SEMG signals are captured
from the primary wrist muscles (n = 1, 2,..., 5), including the
flexorcarpiradialis  (FCR), the flexorcarpiulnaris
(FCU), the extensorcarpiradialislongus (ECRL),
the extensorcarpiradialisbrevis (ECRB), and the
extensorcarpiulnaris (ECU) using Avanti  Sensors
(sampling rate is 2000 Hz). Electrodes are placed by
palpation and their placement is validated by observing the
signal during contraction before the experiment. The sSEMG
signals and motion data (i.e. ground truth 6 and the inverse
dynamics-based F') were synchronized and resampled at 1000

e

Fig. 4. Experimental picture for sEMG collection: electrodes are placed
on five primary muscles of wrist joint, including FCR, FCU, ECU, ECRL
and ECRB. More experimental details can be found in [44]

Hz. Each participant performed five repetitive trials with a
three-minute break between trials to prevent muscle fatigue.

The recorded sSEMG signals are pre-processed by a 20
Hz and 450 Hz band-pass filter, full rectification, and a 6
Hz low-pass filter. These signals are then normalized based
on the maximum voluntary contraction recorded prior to the
experiment, yielding the enveloped sEMG signals. The reason
for using the envelopes SEMG is that, compared with the raw
SEMG signals, the enveloped sEMG, being smoother, might
lead to more stable generator training as they reduce high-
frequency noise and fluctuations present in the raw signals, and
further alleviate the problems during the learning process, such
as training stability, convergence speed, feature representation,
and overfitting. We normalize each motion cycle into 156
frames for model training and testing, and the original data for
model extrapolation evaluation. A total of 360 motion data are
then combined to create a comprehensive dataset for model
training and testing, and 6 motion data are used for model
evaluation.

C. Benchmark models and parameter settings

To evaluate the performance and effectiveness of the pro-
posed physics-informed policy gradient for low-shot genera-
tive adversarial learning, the benchmark models employ three
representative methods, including physics-Informed convolu-
tional neural network (PI-CNN) [17] which represents the
state-of-the-art deep learning based musculoskeletal modeling
method, ML-ELM [45] which represents the general mus-
culoskeletal modeling method, and the vanilla GAN which
represents the traditional GAN family without physical-law
[32].

D. Evaluation metrics

The evaluation metrics include 1) the metrics for evaluating
the quality of the generated samples including the information
entropy associated peak signal-to-noise ratio (PSNR) [46],
coefficient of Determination (R?) [47], root mean square
error (RMSE) [18], Spearman’s Rank Correlation Coefficient
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(SRCC) [48], and 2) the metrics for evaluating the mode
collapse of GANSs, including 1) inception score (IS) [34], and
2) Frechet inception distance (FID) [49].

The IS measures both the quality of generated time-series
data and their diversity, reflecting the probability of mode
collapse in the model training process. In this study, we
refer thereferenced [F,0] as ref and the generated data
G, (sEMGy.r) as g. It is desirable for the conditional proba-
bility, p(ref|g)o.r to be highly predictable (low entropy), that
is, the probability density function is less uniform. The diver-
sity of the generated data can be measured with the marginal
probability, p(refo.r) = [p(ref|g). The less uniform (low
entropy) the marginal probability is, the less the diversity of
the generated data is. Through computing the KL-divergence
between these two probability distributions, the IS is computed
with the equation below:

(1)

The Frechet Inception Distance (FID) score is a metric
calculating the distance between the feature vectors extracted
from the reference and generated data. The FID is sensitive
to mode collapse. Through modelling the distribution of the
features extracted from an intermediate layer with a multivari-
ate Gaussian distribution, the FID between the reference and
generated data is calculated using the following equation.

- MQHS +Tr(Crey + Cg — 2(Cry X 09)1/2)

12)

where M,y and M, refer to the feature-wise means of the

referenced [F', ] and the generated data G, (sEMGy.r) in

discriminator model, respectively, and C\.y and Cy, are the

covariance matrix for the referenced and generated feature
vectors, respectively.

IS = explEsprapsEma) DL (p(reflg)l|ref)]]

FID = ||M,cf

[V. RESULTS AND DISCUSSION

In this section, we evaluate the performance of the proposed
physics-informed low-shot learning in the knee joint and wrist
joint scenarios. We first carry out overall comparisons of the
results from the proposed and benchmark methods. We also
evaluate the model performance on small training data and
handling mode collapse. Lastly, we investigate the robustness
and generalization performance of the proposed method in
intersession scenarios. The training of the proposed framework
and benchmark methods was conducted using PyTorch on a
workstation equipped with NVIDIA Quadro K4200 graphics
cards and 256G RAM.

A. Overall evaluation of the muscle force dynamics
modeling

In this section, we first carry out overall comparisons
between the proposed and benchmark methods on the test
dataset. Fig. 5 demonstrates the overall results of the joint
kinematics generation in one motion circle from the proposed
and benchmark methods for both the knee joint (the first row of
Fig. 5) and wrist joint cases (the second row of Fig. 5). The
average joint kinematics and standard deviation distribution
from the proposed method align well with the ground truth

o Proposed PI-CNN GAN ML-ELM
£
wn 10 1.0 1.0 1.0
L2 05 0.5 0.5 0.5
©  0.0] = 100 0.0 0.0 ==, Vs
OE) -0.5 \\/ 0.5 \ / \\ / 0.5 N\ A
c 1.0 1.0 1 0 ol 1.0 7
X 15 1.5 1.5 1.5
€ 20 2.0 6% 0200 400 600 8001000°° 0 200 400 600 800 1000
S 20" 200 400 600 8001003 0 200 400 600 800 1000
- Time/ms Time/ms Time/ms Time/ms
o
© 20 20 2.0 20
X 15 15 15 15
g 10 1.0 1.0 10
O o 0.5 /\ 0.5 /\ 05 /\
T 00 /\ AT Yoo Yoo \
£ 05 05 \/ 05
1.0 1.0 1.0 -
5 10
£ 12 15 15 15
= 0 400 800 1200 160020°g 200 800 1200 1600 20 400 800 1200 1600 20 400 800 1200 1600
_% Time/ms Time/ms Time/ms Time/ms
3
—— Ground truth —— Generated data

Fig. 5. Comparison of the average knee joint kinematics (the first row)
and wrist joint kinematics (the second row) within one motion cycle
between the ground truth and the generated data from the proposed
and benchmark models. The shaded areas represent the mean + one
standard deviation of the kinematics.
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Fig. 6. Comparison of the average knee muscle force dynamics within
one gait cycle between the real-target and the generated muscle force
data from the proposed and benchmark models. The shaded areas
represent the mean =+ one standard deviation of the muscle force for
BFS and RF.

in both the knee joint and wrist joint cases. These findings
indicate the proposed model achieves the best performance
among the benchmark models on the unbiased estimation of
the joint kinematics.

Similarly, Fig. 6 and Fig.7 demonstrates the overall results
of the muscle force estimations in one motion circle for
both the knee joint (i.e. RF and BFS) and wrist joint (i.e.
FCR, FCU, ECRL, ECRB, and ECU) cases, respectively. The
average muscle forces estimated by the proposed method align
well with the inverse dynamics, demonstrating the excellent
multiple muscle tracking capability of the proposed model. In
addition, the standard deviation distribution of the proposed
model-generated muscle forces is perfectly consistent with the
standard deviation distribution of the inverse dynamics-based
references. More importantly, the muscle force estimated by
the proposed method is more sensitive to the biophysical
fluctuations of the referenced muscle force. These results
indicate that the proposed model achieves the best performance
among the benchmark models on the unbiased estimation of
the muscle force from the multi-channel sSEMG signals.

To further assess the extrapolation performance quantita-
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Fig. 7. Comparison of the average wrist muscle force dynamics within
one motion cycle between the real-target and the generated muscle
force data from 5-channel sSEMG signal. The shaded areas represent
the mean =4 one standard deviation of the muscle force for FCR, FCU,
ECRL, ECRB, and ECU.

tively, we present detailed comparisons of the proposed and
benchmark models on both the test data and evaluation data.
Table I and Table II respectively show the results for the knee
joint case and the wrist joint case. The results indicate that the
proposed model performs best on both of the testing and eval-
uation data. Specifically, for model testing, the PSNR, R?,
RMSE, SRCC of the proposed model are 15.57%, 6.22%,
28.08%, 7.2% higher than that of the second best model (i.e.
PI-CNN). For model evaluation, the PSNR, R?>, RMSE,
SRCC of the proposed model are 24.72%, 16.29%, 38.99%,
17.66% higher than that of the second best model (i.e. GAN).
In addition, because the evaluation data involve the original
SEMG recordings, the comparison of the testing results and
evaluation results indicates the model extrapolation from the
experimental scenarios to real scenarios. The proposed model
shows the best-extrapolated estimation of muscle force and
joint kinematics among the benchmark models, the results
from the testing data and evaluation data are consistent. In
contrast, the performance of the benchmark models shows a
serious decline in evaluation data.

B. Evaluation of real-time performance

The real-time performance metrics, including the long-
term accuracy, inference latency, and model throughput, are
important to evaluate the model performance in real-world
scenarios with varied locomotion amplitudes and periods. In
this section, we use joint kinematics estimation as a study case
to evaluate the real-time performance of our proposed models.
Firstly, to evaluate the long-term accuracy, the proposed model
and the benchmark models are performed on the original joint
kinematics (ground truth) data. The comparisons, as shown
in Fig. 8, illustrate that the proposed model performs best

TABLE |
THE EVALUATION OF THE PROPOSED AND BENCHMARK MODELS ON
KNEE JOINT CASE WITH TWO-CHANNELS SEMG.

Model test
Methods PSNR R? RMSE SRCC
Proposed 91.91 0.88 11.32 0.92
RF PI-CNN 77.45 0.84 19.64 0.85
GAN 75.54 0.82 18.25 0.81
ML-ELM 5994  0.76 25.62 0.72
Proposed  93.45 093 11.93 0.93
BES PI-CNN 76.93 0.87 19.21 0.83
GAN 76.17 0.85 18.35 0.79
ML-ELM 62.66 0.78 26.43 0.73
Proposed  34.79 091 5.73 0.92
0 PI-CNN 30.16 0.84 5.97 0.89
GAN 30.89 0.88 6.57 0.85
ML-ELM 21.33 0.75 11.25 0.73
Model evaluation
Proposed  88.80  0.82 11.21 0.83
RF PI-CNN 5891 0.59 24.17 0.6
GAN 68.72 0.7 26.51 0.69
ML-ELM  46.79 0.53 28.75 0.5
Proposed  91.84  0.91 11.91 0.84
BFS PI-CNN 58.19 0.61 23.58 0.58
GAN 69.26 0.72 25.79 0.67
ML-ELM  49.21 0.55 38.98 0.51
Proposed 3489 092 5.45 0.91
9 PI-CNN 2343 0.59 8.3 0.62
GAN 28.27 0.75 7.89 0.72
ML-ELM 17.19 0.53 18.44 0.51
Proposed PI-CNN GAN ML-ELM
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Fig. 8. Comparison of the real-time performance of the proposed model
and the benchmark models on long-term joint kinematics estimation for
wrist joint case (a-d) and knee joint case (e-f).

accuracy for the long-time joint kinematics estimation on both
the wrist joint and knee joint cases. In contrast, the benchmark
models (e.g. see Fig. 8f-h) do not fit well with the varied
amplitudes of the real-time joint kinematics dynamics. Such
findings are consistent with the results investigated in section
IV-A, suggesting that the proposed model achieves the most
robust results on real-time joint kinematics estimations.
Secondly, to evaluate the balance of the models between
the inference latency and model throughput, we conduct the
comparison of the inference latency and model throughput of
the proposed model and the benchmark models for the real-
time long-term joint kinematics estimation, as shown in Fig.
9. Our results show that, while PI-CNN has the lowest latency
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TABLE Il
THE EVALUATION OF THE PROPOSED AND BENCHMARK MODELS ON WRIST JOINT CASE WITH FIVE-CHANNELS SEMG
Model test

Methods PSNR R? RMSE  SRCC Methods PSNR R? RMSE  SRCC

Proposed 3191 092 5.32 0.94 Proposed  33.61  0.93 4.37 0.96

ECR PI-CNN 27.45 0.84 9.64 0.83 ECU PI-CNN 29.01 0.86 10.43 0.83

GAN 25.54  0.86 8.25 0.81 GAN 25.27  0.88 8.6 0.79

ML-ELM 1994  0.74 15.62 0.72 ML-ELM 1842  0.76 14.95 0.73

Proposed 8421 095 14.68 0.94 Proposed 8293  0.95 14.78 0.97

PI-CNN 79.4 0.84 25.08 0.83 PI-CNN 79.75  0.88 24.32 0.81

ECRL  "GAN 6154 09 2455 o082 ERB GAN 5071 091 2462 079

ML-ELM  57.76  0.77 42.41 0.76 ML-ELM 57.4 0.78 41.82 0.77

Proposed 30.81 0.92 5.14 0.92 Proposed  34.32 097 3.75 0.96

ECU PI-CNN 30.31 0.84 10.06 0.82 0 PI-CNN 2994  0.84 4.63 0.88

GAN 28.06 0.87 7.92 0.8 GAN 30.34  0.86 4.51 0.85

ML-ELM 19.85 0.75 14.72 0.71 ML-ELM  21.15 0.76 9.62 0.74

Model evaluation

Proposed 2996  0.87 5.05 0.89 Proposed  31.35  0.88 4.15 0.91

ECR PI-CNN 2049  0.63 10.23 0.62 FCU PI-CNN 21.75  0.65 9.82 0.62

GAN 2243 0.77 11.43 0.73 GAN 21.8 0.79 12.74 0.71

ML-ELM 14.09  0.56 19.72 0.54 ML-ELM 13.57  0.57 21.21 0.55

Proposed  79.76 0.9 13.95 0.89 Proposed  78.33 0.9 14.04 0.92

PI-CNN 58.65 0.63 28.81 0.62 PI-CNN 59.81 0.66 28.24 0.61

ECRL "GAN 5452 081 321 074 ERB GAN 537 082 2401 071

ML-ELM 4245 0.58 39.81 0.57 ML-ELM 42.3 0.59 51.37 0.58

Proposed  28.64  0.87 4.88 0.87 Proposed  31.75  0.92 3.56 0.91

ECU PI-CNN 2229  0.63 10.55 0.62 0 PI-CNN 21.73  0.63 6.47 0.66

GAN 24.41 0.78 11.13 0.72 GAN 2558  0.77 8.06 0.77

ML-ELM 14.28 0.56 16.04 0.53 ML-ELM 1543 057 11.22 0.56
3000 1 To quantitatively assess the effectiveness of the proposed
200 " method on low-shot learning, we firstly regard the modeling
7 7 * results shown in Table I and Table II as the baselines that
515 3 1: represent the optimal performance of the proposed and bench-
g 0 E] . mark models, and then we train the models with different

- o . . . .
g . training sample sizes for 1500 epochs as low-shot learning
o0 2 learning. The percentages of the low-shot learning learning
0 0 results and the baseline joint kinematics modeling results,
rist join nee join Wrist joint case Knee joint case
trstlomtease - Knesjemtesee ’ ' denote as P— PSNR, P—R?, P—RMSE, and P—SRCC,
Proposed PI-CNN =GAN = ML-ELM

Fig. 9. The inference latency and model throughput of the proposed
model and the benchmark models for the real-time evaluations .

time and GAN has the highest throughput, the proposed
model achieves a great balance between inference latency
and model throughput (i.e. it achieves the second-best real-
time performance on both the latency time and throughput
evaluation). These resultant findings suggest that the proposed
model achieves the best real-time performance on the long-
term estimation of the joint kinematics estimations.

C. Evaluation of low-shot learning

The proposed physics-informed policy gradient incorpo-
rates the temporal relationship of the muscle force and joint
kinematics dynamics from the Lagrange motion equation,
resulting in an improved kinetics estimation from the low-shot
samples. Initially, the physical information is used to constrain
the model reward accumulated following the periodic multi-
channel sSEMG signals. And then, the accumulative reward is
used to guide the Monte Carlo search to generate the unbiased
estimation of muscle force and joint kinematics dynamics.

are used as the evaluation metrics to describe what percentage
of the performance of the baseline models can be achieved
with the new models.

The evaluation of the low-shot learning of the proposed and
benchmark models on the knee joint and wrist joint kinematics
modeling is shown in Table III. It is obvious that the proposed
model with a physics-informed policy gradient outperforms all
of the benchmark models in low-shot learning. The 10-shot
learning is able to achieve over 80% baseline performance in
terms of PSNR, R?, RMSE, and SRCC. In comparison,
the PI-CNN and GAN models require at least 80-shot learning
to reach the similar modeling performance. Therefore, it can
be inferred that the proposed physics-informed policy gradient
relies heavily on the physical representations and temporal
structural characteristics of the training data, rather than the
quantity of the data. This is encouraging as it suggests that the
proposed method facilitates the applications of deep learning
in biomechanical engineering from the general issue of limited
sample size.

D. Mode collapse evaluation

Mathematically, the generative model is easy to find a
biased estimation caused by mode collapse, which leads to
the generated samples only being located in the partial real
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TABLE Il
EVALUATION OF THE LOW-SHOT LEARNING PERFORMANCE OF THE PROPOSED AND BENCHMARK MODELS ON JOINT KINEMATICS MODELING. THE
P—-PSNR,P— R?, P— RMSE, AND P — SRCC RESPECTIVELY REPRESENT THE SN R, R2, RM SE, AND SRCC OF THE n-SHOT
LEARNING AS A PERCENTAGE OF THE VALIDATION METRICS OF THE BEST JOINT KINEMATICS RESULTS REPORT IN TABLE.| AND TABLE II.

Knee joint case

Wrist joint case

P-PNSR  P-R? P-RMSE P-SRCC P-PNSR P-R? P-RMSE P-SRCC
1-shot 75% 74% 76% 75% 76% 73% 77% 75%
10-shot 83% 82% 84% 87% 82% 81% 84% 88%
20-shot 86% 84% 86% 86% 87% 86% 88% 84%
Proposed  40-shot 92% 91% 92% 91% 93% 91% 93% 94%
60-shot 94% 94% 92% 94% 96% 97% 93% 93%
80-shot 93% 94% 95% 94% 92% 93% 97% 94%
100-shot 95% 94% 93% 93% 96% 94% 93% 96%
P-PNSR P-R?2 P-RMSE P-SRCC P-PNSR P-R?2 P-RMSE P-SRCC
1-shot 41% 41% 41% 39% 42% 42% 449 39%
10-shot 44% 42% 44% 44% 46% 42% 45% 47%
20-shot 68% 69% 72% 73% 69% 70% 72% 76%
PINN 40-shot 76% 76% 77% 79% 77% 78% 8% 78%
60-shot 79% 77% 76% 75% 78% 77% 76% 76%
80-shot 82% 83% 84% 85% 81% 86% 83% 84%
100-shot 84% 87% 85% 87% 85% 88% 85% 86%
P-PNSR  P-R? P-RMSE P-SRCC P-PNSR P-R?2 P-RMSE P-SRCC
1-shot 46% 44% 47% 49% 45% 45% 48% 51%
10-shot 45% 45% 45% 47% 48% 46% 44% 48%
20-shot 66% 69% 7% 73% 67% 71% 70% 73%
GAN 40-shot 72% 73% 74% 74% 74% 72% 72% 76%
60-shot 79% 78% 81% 81% 78% 78% 80% 8%
80-shot 81% 83% 85% 85% 79% 83% 86% 84%
100-shot 84% 86% 87% 89% 86% 87% 86% 91%
P-PNSR P-R?2 P-RMSE P-SRCC P-PNSR P-R?2 P-RMSE P-SRCC
1-shot 36% 35% 37% 38% 34% 37% 36% 37%
10-shot 38% 44% 45% 39% 39% 39% 42% 38%
20-shot 57% 56% 55% 54% 59% 56% 57% 55%
ML-ELM  40-shot 62% 62% 65% 59% 65% 61% 68% 58%
60-shot 66% 65% 67% 66% 65% 64% 66% 67%
80-shot 75% 73% 72% 74% 77% 74% 71% 74%
100-shot 78% 79% 78% 81% 78% 82% 81% 82%
distribution where it can fool the discriminative model and TABLE IV

ignore other modes of real distribution during the adversarial
learning. To handle this issue, the proposed physics-informed
policy gradient alleviates the random noises and makes the
generated feature sequence governed by the physics law, which
facilitates the estimation of compound kinematics patterns and
achieves the unbiased estimation of kinematics generation.

In order to evaluate the performance of the proposed method
on alleviating the mode collapse, we test and compare the
proposed model with the benchmark model from two aspects:
1) a quantitative evaluation of the diversity of the generated
motions, based on the distance-derived IS and FID metrics;
and 2) a monotonicity assessment on the generator iterations
during the network training process.

Firstly, the quantitative evaluation for the diversity of the
generated motions is conducted on the testing dataset. The
higher IS and lower FID indicate the better diversity of the
generated motion samples, which further indicates the allevi-
ation of mode collapse. The results demonstrated in Table IV
show the proposed model outperforms the competitors in terms
of the IS and FID measurements for both the knee joint and
wrist joint motion generation. In addition, the benchmark GAN
model, with the network architecture as same as the proposed

THE COMPARISON OF INCEPTION SCORES (IS) AND FRECHET
INCEPTION DISTANCES (FID) OF THE JOINT KINEMATICS GENERATED
FROM THE PROPOSED AND BENCHMARK MODELS ON THE MODEL TEST
DATASETS.

Knee joint case =~ Wrist joint case

IS FID IS FID

Proposed 1539 6422 125 41.95
PINN 12.68 71.13  8.03 48.8
GAN 13.11 7854 843 46.13
ML-ELM 1059 79.83  6.79 57.05

model, is 32.83% lower in IS, and 14.1% higher in FID than
the proposed model. These findings suggest that the proposed
physics-informed policy gradient optimization approach has
great performance in alleviating the mode collapse during
adversarial learning.

Secondly, in order to further explore the performance of
the proposed physics-informed policy gradient on the mode
collapse issue, we compare the generator iterations of the same
GAN architectures with and without the physics-informed
policy gradient (Fig. 10). Because we trained our model on
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Fig. 10. Changes of IS and FID scores of the generated joint kinematics
during the first 500 iterations of the GAN model using the proposed
physics-informed policy gradient and the typical GAN without using the
physics-informed policy gradient. The test is conducted on knee joint
cases (a) and (b) and wrist joint cases (c) and (d), respectively.

a few-shot dataset, the training data only covered limited
variations and modes. Therefore, in the initial stage of training,
the generator will generate data with more discrete diversities
(similar to random noise) than the reference. As training
progressed and the model’s accuracy improved, the variation in
the data created by the generator began to mirror the reference
data’s distribution more closely. In the late stage of training,
for the traditional GAN-based model, the diversity of the
generated data may plateau or decrease due to the limitations
of few-shot training and the occurrence of mode collapse.
In contrast, our model, by introducing the proposed physics-
informed policy gradient, is able to generate data following the
physics law, which greatly enriches the diversity of generated
samples for the few-shot reference samples. In addition, the
IS and FID curves from the GAN with the proposed physics-
informed policy gradient are more monotonous than the GAN
without the physics-informed policy gradient, along with the
increase of iteration number. Thus, the curves of IS from the
proposed physics-informed policy gradient steadily increase
and the curves of FID steadily decrease for both knee joint
(10a and b) and wrist joint (10c and d) cases.

E. Model application on intra-session scenario

In musculoskeletal modeling, the intra-session scenario is
regarded as the multiple sets of motions that occur within
the same session. To test the robustness of the proposed
model in the intra-session scenario, we use the knee joint
data with different walking speeds for one subject as the
intra-session evaluation dataset. The muscle force and joint
kinematics modeling results, as shown in Fig. 11, indicate
that the proposed framework performs best among the baseline
methods. Importantly, the median and interquartile values of
the proposed model with physics-informed policy gradient
remain consistent with the real data across different walking
speeds. In comparison, the median and quartiles of the baseline

w 1
= [T Real PR = Proposed
©
£ ° I Generated Pl = PI-CNN
% -1 - - Median ML = ML-ELM
[y
S e Interquartile
PR Pl GAN ML
Fig. 11. Robustness evaluation of the proposed model (PR), PI-CNN

(P1), GAN, and ML-ELM (ML) on the intra-session scenario.

methods, such as the GAN model without using the physics-
informed policy gradient, show significant inconsistencies with
the real data, indicating a declined performance in the intra-
session scenario due to the variability in walking speeds. These
findings suggest that the model optimized by the proposed
physics-informed policy gradient has great robustness in intra-
session scenarios.

F. Model application on inter-session scenario

The inter-session scenario generally refers to a situation
where motion data are collected across multiple sessions. To
test the robustness of the proposed model in the inter-session
scenario, we use the wrist joint data with different subjects as
the evaluation dataset. The muscle force and joint kinematics
modeling results, as shown in Fig. 12, indicate that the pro-
posed framework performs best on the musculoskeletal mod-
eling among the baseline methods. Specifically, the median
and interquartile values of the proposed model with physics-
informed policy gradient remain consistent with the real data
across different subjects. In comparison, the baseline methods,
such as the GAN model without using the physics-informed
policy gradient, show a declined performance in the inter-
session scenario due to the variability in walking speeds. These
findings suggest that the model optimized by the proposed
physics-informed policy gradient has great robustness in inter-
session scenarios.

V. CONCLUSION

This paper develops a physics-informed low-shot adversarial
learning method, which seamlessly integrates the Lagrange
equation of motion and inverse dynamic muscle model into the
GAN framework, for the unbiased estimation of the muscle
force and joint kinematics from the small size SEMG time
series. Specifically, the Lagrange equation of motion is intro-
duced as physical constraint, which facilitates the generator
to estimate the muscle force and joint kinematics with more
temporal structural representations. Meanwhile, the physics-
informed policy gradient rewards the physical consistency of
the generated muscle force and joint kinematics and the inverse
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Fig. 12. Robustness evaluation of the a) proposed model, b) PI-CNN,
c) GAN, and d) ML-ELM (ML) on the inter-session scenario.

dynamics-based references, which improve the extrapolation
performance of the generative network. Comprehensive experi-
ments on the knee joints and wrist joints indicate the feasibility
of the proposed method. The resultant findings suggest that the
proposed method performs well in handling the mode collapse
issue of GAN on the small sample data, and the estimations of
the muscle forces and joint kinematics are unbiased compared
to the physics-based inverse dynamics. These findings suggest
that the proposed method may reduce the gaps between labora-
tory prototypes and clinical applications. However, it is worth
noting that the physics reference (i.e. the inverse dynamics for
this study) plays an important role in constraining the physics
representation of the generated samples. Therefore, the choice
of physics module may vary when the proposed approach is
extended to other application cases.

Going forward, we plan to delve deeper into the proper-
ties of the physics-informed deep learning framework in the
context of SEMG-based musculoskeletal modeling. We aim to
investigate the potential of the low-shot learning-based model
on the continuous and simultaneous estimation of multiple
joint kinematic chains from sEMG signals. For coupled joint
movement, each joint can be represented as a generalized
coordinate, and its interactions with other joints would result
in coupled differential equations that describe the system’s
motion. And then we can use the coupled motion equations to
replace the physics law we used in Eq.3 to guide the model
training for coupled joint movement. We also plan to adjust
the compositions of the proposed method to cater to different
application scenarios. Furthermore, we intend to evaluate the
reliability and accuracy of the proposed framework through
coupled joint movement.
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