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An Adaptive Hammerstein Model for
FES-Induced Torque Prediction Based on

Variable Forgetting Factor Recursive
Least Squares Algorithm

Qinlian Yang , Yingqi Li, You Li, Manxu Zheng , and Rong Song , Senior Member, IEEE

Abstract— Modeling the muscle response to functional
electrical stimulation (FES) is an important step during
model-based FES control system design. The Hammerstein
structure is widely used in simulating this nonlinear biome-
chanical response. However, a fixed relationship cannot
cope well with the time-varying property of muscles and
muscle fatigue. In this paper, we proposed an adaptive
Hammerstein model to predict ankle joint torque induced
by electrical stimulation, which used variable forgetting
factor recursive least squares (VFFRLS) method to update
the model parameters. To validate the proposed model,
ten healthy individuals were recruited for short-duration
FES experiments, ten for long-duration FES experiments,
and three stroke patients for both. The isometric ankle
dorsiflexion torque induced by FES was measured, and
then the test performance of the fixed-parameter Hammer-
stein model, the adaptive Hammerstein model based on
fixed forgetting factor recursive least squares (FFFRLS)
and the adaptive Hammerstein model based on VFFRLS
was compared. The goodness of fit, root mean square error,
peak error and success rate were applied to evaluate the
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accuracy and stability of the model. The results indicate a
significant improvement in both the accuracy and stability
of the proposed adaptive model compared to the fixed-
parameter model and the adaptive model based on FFFRLS.
The proposed adaptive model enhances the ability of the
model to cope with muscle changes.

Index Terms— Functional electrical stimulation, muscle
model, system identification, Hammerstein model.

I. INTRODUCTION

FUNCTIONAL electrical stimulation (FES) is an existing
technique for neurologically impaired individuals to com-

pensate or restore the lost motor function [1], [2]. In FES
intervention, electrical currents are delivered to the excitable
motor neurons of paralyzed muscle, in place of the central
nervous system to induce muscle contractions, thereby gener-
ating force and torque [3]. Since FES can artificially induce
muscle contraction, it has been widely utilized in the field of
rehabilitation for various purposes, including the treatment of
foot drop [4] and suppressing tremors [5], as well as assisting
with cycling [6] and sit to stand [7] activities.

Due to the benefits of appropriate and adjustable FES
in rehabilitation, extensive research has been dedicated
to improving the control strategies of electrical stimula-
tors based on closed-loop principles. Some studies have
focused on modulating the electrical stimulation depending
on patients’ motion performance, which utilize sensors to cap-
ture torque/angle signals as feedback and employ model-free
methods, such as iterative learning control (ILC), to adjust the
stimulation input [4], [8]. Model-based FES control has also
been investigated, which aims to establish a mapping relation-
ship between FES and torque/angle, so that the modulation can
be performed based on the predicted output [9], [10]. In model-
based FES systems, a convenient model which can simulate
the skeletal muscle dynamics precisely under FES is an impor-
tant component. A common type is the physiological model
such as the Hill model and Riener’s model, using different
elements to simulate muscle contraction [11], [12]. Although
efforts had been made in these models to accurately describe
the actual muscle response, they were rarely applied in the FES
control systems for the difficulty of obtaining the real values
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of the physiological parameters [13]. Another type of model
is the empirical model. These models ignore the physiological
structure of muscle but focus on their accuracy and feasibility
in predicting outputs. A simple linear model was used to
represent the response of electrically stimulated muscle in FES
systems [14]. A nonlinear auto-regressive model with exoge-
nous inputs-recurrent neural network (NARX-RNN) model
was also proposed [15]. In addition, the Hammerstein model,
including a static nonlinear function followed by a linear
dynamic function, was also suggested for the prediction of
FES-induced muscular dynamics [16]. According to Hunt’s
study, the Hammerstein model can simulate the response of
muscle to FES at different electrical stimulation intensities
ideally under isometric contraction [17].

Since the two blocks of the Hammerstein model correspond
to the recruitment of nerve fibers and the subsequent dynamics
of muscle contraction [17], the model has been widely used
for modeling biomechanical systems. In the past, most studies
adopted the Hammerstein model with fixed parameters to
predict the force and torque under FES [18], [19], where
the model parameters did not change once the identification
was finished. However, the time-varying property of muscles
and the occurrence of muscle fatigue may lead to a decrease
in the accuracy of models with fixed parameters. Therefore,
adaptive methods were proposed. In Cai’s study [20], an adap-
tive Wiener-Hammerstein model was utilized to establish the
relationship between the FES input and muscle force, which
implemented an iterative relationship for model parameters
adaption. In Zhang’s study [21], to describe the relationship
between FES evoked-electromyography (eEMG) and ankle
torque, a Kalman filter with a fixed forgetting factor was used
to identify the Hammerstein model and adapt the parameters
online. However, the former lacks forgetting factors, which
may result in an excessive weighting of historical data, leading
to a decline in the tracking performance of the model. In the
meanwhile, the latter faces the challenge in selecting a suitable
forgetting factor, as an inappropriate value may adversely
affect the accuracy of the model and even lead to modelling
failure [15], [22]. Therefore, it has motivated us to explore the
adaptive Hammerstein model with a variable forgetting factor,
as it may enhance the model’s adaptation ability to cope with
the time-varying muscle property. However, to the best of our
knowledge, this aspect has not been reported. In this paper,
we aim to develop an improved approach for simulating ankle
torque based on electrical stimulation amplitude. To achieve
this, an adaptive Hammerstein model that utilized variable
forgetting factor recursive least squares (VFFRLS) to update
the parameters of the model based on the identification results
of neural network was proposed. To validate the effectiveness
of this model, we have recruited ten healthy individuals for
short-duration FES experiments, ten for long-duration FES
experiments, and three stroke patients for both short- and long-
duration experiments.

II. MODELS

A. Hammerstein Model Based on Neural Network
The discrete-time Hammerstein model, which consists of a

static nonlinear block in series with a linear dynamic block,

Fig. 1. Structure of the Hammerstein model based on neural network.

can be utilized to simulate muscles under FES. In this study,
the stimulation to torque model is described as

τ (k) = G
(

q−1
)

w (k) =
B

(
q−1)

A
(
q−1

) f (u (k)) (1)

where model input u(k) is the electrical stimulation ampli-
tude and the output τ(k) is the ankle joint torque. The
static nonlinear function f (u(k)) maps u(k) to the internal
unmeasurable variable w(k), which stands for the relationship
between electrical stimulation amplitude and muscle activation
level. Then, w(k) is passed to a linear dynamic block described
with the transfer function G(q−1). The linear dynamic block
represents muscle contraction dynamics. The expressions of
B

(
q−1) and A

(
q−1) can be shown as

B
(

q−1
)

= b0q−d
+ b1q−(d+1)

+ . . . + bnb q−(nb+d) (2)

and

A
(

q−1
)

= 1 + a1q−1
+ . . . + ana q−na (3)

where q−1 is the delay operator, and d, na and nb are the time
delay order, the number of poles and zeros in this dynamic
transfer function, respectively. The values of (na, nb, d) in this
paper are based on the work in [17] which are set to (2,1,1).
The coefficients of the linear function are described in the
vector [a1, a2 . . . , ana , b0, b1, . . . , bnb ]

T .
Hammerstein based on neural network structure is employed

in this study due to its better nonlinear expressivity com-
pared to polynomials [23], [24]. The use of it transforms
the optimization of model parameters into the training of
neural network. The type of neural network adopted here is
multi-layer perceptron, which consists of two parts. Fig. 1
has shown the model structure. The first part is the static
nonlinear block, which mainly consists of a single hidden layer
feed-forward neural network. Neural network neurons in static
nonlinear part are S-type neurons with activation function
g (k) = 2/(1 + e−2k) − 1, which overcomes the shortcomings
of non-zero mean output in the sigmoid activation function.
M represents the number of static nonlinear hidden layer
neurons, and was chosen as 10 because it achieved the highest
accuracy among the tested values of 5, 10, and 15 in the
pre-experiments. A single layer neural network with feedback
hysteresis constitutes the second part of the Hammerstein
model, the dynamic linear block. The expression for the
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internal unmeasurable variable w(k) can be obtained based
on the connectivity of the neural network, shown as

w (k) =

∑M

m=1
βm g(ωm · u (k) + µm). (4)

Substituting the (4) into the (1), and then obtain the (5):

τ (k) = −

∑n

i=1 aaiτ (k − i)

+

∑n

j=0 b
∑M

m=1
b jβm g (ωm · u (k − d − j) + µm)

(5)

All parameters that need to be determined in the model
include the following: ωm , bm , ai , and b j represent the
connection weight of each layer. µm represents the threshold
of each layer. The model parameters mentioned above are
obtained by training the neural network with experimental data
using the Levenberg-Marquardt algorithm.

B. Dynamic Linear Block Parameter Updating Based on
VFFRLS

Considering the time-varying property of muscles is
unknown in advance and subject-specific, and muscle fatigue
may occur during FES interventions, it’s necessary to make
the model adaptive. Hence, data from earlier times need to be
discarded to track muscle changes in response to FES. In this
process, the identification methods with a forgetting factor are
usually adopted [15], [21]. Anyhow, it is difficult to select an
optimal fixed forgetting factor [15], [22]. In order to avoid
this problem, this study allows the system to use the VFFRLS
method to update the dynamic linear block parameters based
on the identification results of neural network. The VFFRLS
algorithm maintains the simplicity of recursive least squares
(RLS) while introducing adaptive forgetting factor adjustments
to achieve dynamic data weighting. In RLS, define 8k =[

8k−1
ϕ(k)T

]
, Yk =

[
Yk−1
τ(k)

]
, (5) can be written as follows:

τ (k) = ϕT (k) θ̂ (k) + e(k) (6)

where ϕ (k) = [−τ(k − 1), . . . ,−τ(k − na),

w(k − d), . . . , w(k − d − nb)]
T
∈R(na+nb+1)×1, θ =

[a1, . . . ,ana , b0, . . . ,bnb ]
T
∈R(na+nb+1)×1, and e (k) indicates

the error. The recursive form of θ̂ (k) can be derived as
follows [25]:

θ̂ (k) = θ̂ (k − 1) + K (k) e (k) (7)

where K (k) is defined as the gain matrix, K (k) = P (k) ϕ (k),
with P(k) being defined as the prediction error covariance
matrix, P (k) =

(
8T

k 8k
)−1.

To account for continuous and gradual changes in system
parameters, it is important to reduce the impact of earlier data
on identification results and emphasize the sensitivity to recent
estimation errors. Therefore, e (k) is modified by introducing
a forgetting factor, and the squared error can be described as

J =

∑L

k=1
λL−k

[
τ (k) − ϕT (k) θ̂(k)

]2
(8)

Fig. 2. Forgetting factor λ
(
k
)

curve with error e(k).

where L is the number of observations, and λ is the forgetting
factor. The recursive formulas are deduced as [25]

θ̂ (k) = θ̂ (k − 1) + K (k)
(
τ (k) − ϕT (k) θ̂ (k − 1)

)
(9)

K (k) =
P (k − 1) ϕ (k)

λ + ϕT (k) P (k − 1) ϕ (k)
(10)

P (k) =

(
I − K (k) ϕT (k)

)
P (k − 1)

λ
(11)

The variable forgetting factor can be designed as the following
smooth curve [26]:

λ (k) = λmin + (1 − λmin)α(k) (12)

α (k) = 2ρe2(k) (13)

where λmin and ρ are fixed parameters which can flexibly
control the shape and degree of variation of the λ (k) and have
relatively low requirements for parameter setting. Set λmin =

0.9 and ρ = 105. This is because the typical range of value
for forgetting factor is [0.9, 1] [21], and setting the lower limit
of 0.9 ensures that the system maintains relative attention to
historical data to ensure system stability and reduce sensitivity
to noise. Fig.2 shows the curve of λ (k) varying with the
error e (k). The figure indicates that as e (k) approaches 0,
λ (k) approaches 1, and as |e(k)| gradually increases, λ (k)

approaches its minimum value.

III. EXPERIMENTS

A. Experimental Setup
The experimental setup is shown in Fig. 3. The apparatus

mainly included a servo motor (DM1 B-045G, Yokogawa,
Japan), a torque sensor (AKC-205, 701st Research Institute
of China Aerospace, Science and Technology Corporation,
China), a footplate, a data acquisition device (DAQ Multifunc-
tion NI USB-6341, National Instruments, USA), a customized
functional electrical stimulator (P2-9632, Faisco, China), and
a computer. The footplate could be set to a certain position by
locking the servo motor. The torque sensor connecting with
the footplate measured the torque of the interaction between
human and footplate. For the functional electrical stimula-
tor, the frequency and duration of electrical pulses could
only be manipulated manually while the electrical stimulation
amplitude ranging from 0 mA to 100 mA was controlled by
pulse-width modulation (PWM) signal. The DAQ card gen-
erated standard PWM signal and delivered it to the electrical
stimulator to regulate the amplitude of the electrical pulses.
Besides, a LabVIEW-based program (National Instruments,
USA) was applied to send instruction to DAQ to produce
PWM signal and record the ankle torque signal.
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Fig. 3. The experimental apparatus. (a) Schematic diagram of the
experimental apparatus. (b) Photo of the experimental apparatus.

B. Experimental Protocol
20 healthy subjects were recruited (aged: 24 ± 1.23 years;

10 females, 10 males) in this study and divided equally into
two groups for long-duration and short-duration FES exper-
iments, respectively. All of them were non-disabled young
adults with no neurological or musculoskeletal disorders.
Three stroke patients at the Department of Rehabilitation
Medicine, Zhujiang Hospital of Southern Medical University,
China, were also recruited for both short- and long-duration
FES. The patient-related information is shown in Table I.
The inclusion criteria for the stroke patients are: 1) stroke
patients have hemiparesis caused by unilateral brain lesions; 2)
stroke patients should be able to generate sufficient strength to
maintain their sitting on a chair with a backrest and armrests;
3) stroke patients should have no significant restrictions in
the passive motion range of their ankle joints; 3) stroke
patients should have no impairment of visuospatial, cognitive,
or attentional function that will prevent them from following
instructions. The research was approved by the Ethics Com-
mittee of Zhujiang Hospital of Southern Medical University.
Each subject gave written informed consent before taking part
in this experiment.

Prior to the experiment, each subject was seated in a chair
with their ankle (healthy subjects: right side; stroke patients:
lesion side) fixed on the footplate at 90◦ synchronously, and
the surface electrical stimulation electrodes (5 cm× 5 cm,
M2223, 3M, USA) were placed on the tibialis anterior (TA)
muscle of above sides in advance. The main function of the
TA muscle is to make the ankle joint dorsiflex and produce

TABLE I
INFORMATION OF SUBJECTS WITH STROKE

Fig. 4. The profile of the input electrical stimulation amplitude in
(a) short-duration SP test; (b) short-duration TP test; (c) long-duration
SP test; (d) long-duration TP test.

dorsiflexion torque. Then, the electrical pulses were delivered
to the surface electrodes at a constant duration (390 µs) and
frequency (40 Hz). The amplitude of electrical pulses was
gradually increased until the subjects reached their maximum
tolerance or produced an ankle torque greater than 3 Nm.
This process also allowed the subjects to become familiar with
the electrical stimulation. Subjects were instructed to maintain
relaxed throughout the experiment and provide no volitional
effort.

The formal experiment consisted of two test sessions, short-
duration FES session and long-duration FES session. Each
session contained two kinds of test, namely the sinusoidal
profile (SP) test and the triangular profile (TP) test [27], [28].
Previously, muscle dynamic response modelling focused on
analyzing the transient response of muscles to short input
sequences, which could be influenced by voluntary muscle
activation. Slowly varying stimulation signals are less likely
to trigger an autonomic reflex such as the SP or TP stimulation
adopted here [29], [30]. In short-duration session, the duration
of electrical stimulation was short to avoid muscle fatigue. The
two test signals are shown in the Fig. 4(a) and (b). In each test,
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the stimulation was repeated six trials on each subject. During
the long-duration FES session, two tests were performed using
the two electrical stimulation profiles described above. The
electrical stimulation signals are shown in Fig. 4(c) and (d).
Each signal lasted up to seven minutes and consisted of a
sequence comprising seven electrical stimulation sequences,
denoted as sequence0 to sequence6. Each subject underwent
one trial for each profile. Between the two trials, subjects
were given at least 48 hours of rest time and the electrodes
placement was marked, to avoid the placement of the elec-
trodes deviating significantly. In total, there were four types
of electrical stimulation tests, namely short-duration SP test,
short-duration TP test, long-duration SP test, and long-duration
TP test. The measured ankle torque was collected on the DAQ
card at a sample rate of 100Hz and finally saved and analyzed
on the computer.

In this study, for each of the test, subject-specific modelling
and evaluation were carried out.

In short-duration SP test, three trials of torque data from
each subject were served as training set to identify the subject-
specific Hammerstein model based on neural network. For the
remaining 3 trials, data from the first sinusoidal wave of each
trial for each subject were used to perform parameter updates
for dynamic linear block, and data from the remaining two
sinusoidal waves were served as testing set.

In short-duration TP test, parameter updates were performed
based on short-duration SP neural network identification
results. Torque data from one trial in the short-duration TP
test of each subject were used for parameter updating, and
data from the other trials were served as test set.

In long-duration SP test, the data from sequence0 of each
subject were used for training the subject-specific Hammer-
stein model. In the following sequences, data from the first
10 seconds of each sequence were used for updating model
parameters, and the next 50 seconds were used for testing the
performance of the model.

In long-duration TP test, data from sequence0 were also
used for training the subject-specific Hammerstein model. Data
from the first 20 seconds of each remaining sequence were
used to update model parameters, and data from the next
40 seconds were used for model test.

In addition, fixed-parameter Hammerstein model and adap-
tive model based on fixed forgetting factor recursive least
squares (FFFRLS) were also developed and the modeling
results were compared with the adaptive Hammerstein model
based on VFFRLS. Since the typical range of value for
the fixed forgetting factor is [0.9, 1], it was set to 0.999
(high),0.95 (middle), and 0.9 (low) in this study. In short-
duration sessions, in order to make the fixed-parameter model
and the adaptive model witness the same range of data, data
being used for parameter updates was also added to the
training set of the fixed-parameter model.

C. Data Analysis

The measured torque signals were passed through a
4th-order Butterworth low-pass filter with a cut-off fre-
quency of 5 Hz. The MATLAB software (MATLAB R2018b,

MathWorks Inc., Natick, MA, USA) was applied during the
procedure of data analysis.

In order to evaluate the performance of the models, good-
ness of fitness (GOF), root mean square error (RMSE) and
peak error (PE) were proposed to use here, which could be
calculated as

G O F = 1 −

∑N
k=1 [τm (k) −τ est (k)]2∑N
k=1 [τm (k) − τ̄m (k)]2

(14)

RM SE =

√∑N
k=1 [τm (k) − τest (k)]2

N
(15)

P E = max (|τm (k) − τest (k)|) (16)

where τm is the actual measured output, τ̄m is the average of τm
and τest represents the output from simulated model. Results
were examined to determine the proportion of successful
model achieved by each method, defining modeling success
when the GOF was above 0.7. Besides, the Wilcoxon signed-
rank test was conducted to examine if there were significant
differences between the adaptive Hammerstein model based
on VFFRLS, adaptive Hammerstein model based on FFFRLS
and the fixed-parameter Hammerstein model which based on
neural network only. Due to the limited number of stroke
patient subjects, the significance analyses were only conducted
on the results of healthy subjects. The statistical analyses were
performed using SPSS 26.0 software (SPSS Inc., Chicago,
IL, USA). The p value less than 0.05 was considered to be
statistical significance.

IV. RESULTS

A. Short-Duration FES Session
Although sufficient rest was given to the subjects between

each trial in the short-duration test, it is still necessary to
update the model parameters. This is due to the time-varying
property of muscles and the fact that the torque induced
by FES may not be identical even under repeated electrical
stimulation experimental conditions.

To evaluate the proposed method, the results of the fixed-
parameter model, the adaptive model based on FFFRLS, and
the adaptive model based on VFFRLS were compared. The
modelling success rates for the ten healthy subjects and three
stroke patients are shown in Table II. Since the success rates
of the adaptive model based on middle FFFRLS and low
FFFRLS were extremely low, the modelling results of these
two methods were not included in the following. Fig. 5 shows
the fitting performance of the models for one healthy subject
and one stroke patient (S3) on different occasions. As could be
seen from the figure, the prediction torque of the model with
updated parameters was closer to the real measured torque than
the model with fixed parameters. Besides, the torque estimated
by the proposed model was closer to the measured torque than
high VFFRLS adaptive model in TP test.

Fig. 6 shows the statistical results of the models. It could be
found that the adaptive model based on VFFRLS performed
better than the fixed-parameter model either in SP and TP test
in both healthy individuals and stroke patients. As can be seen
from the significance analysis of healthy individuals’ model
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Fig. 5. The fit performance of the fixed-parameter model and adaptive
models based on high FFFRLS and VFFRLS for a healthy subject and
a stroke patient (S3). Fitting curve of a healthy subject under short-
duration (a) SP test; (c) TP test. Fitting curve of S3 under short-duration
(b) SP test; (d) TP test.

TABLE II
PERCENTAGE OF MODELLING SUCCESS UNDER

SHORT-DURATION FES SESSION

results, there were highly significant differences between the
proposed adaptive and the fixed model in TP test (p<0.01).
Also, the GOF and RMSE results of proposed adaptive and
fixed model had significant differences in SP test (p<0.05).
Besides, the GOF and RMSE results of the proposed adap-
tive model and adaptive model based on high FFFRLS had

Fig. 6. The statistical results of healthy subjects and stroke subjects. ∗

represents the significant difference level is at p<0.05, ∗∗ represents
the significant difference level is at p<0.01, and ∗∗∗ represents the
significant difference level is at p<0.001.

significant differences in SP test and highly significant differ-
ences in TP test. However, the results of the adaptive model
based on high FFFRLS did not show significant improvement
compared to the fixed-parameter model. It is worth noting
that the patients’ model results did not undergo significance
analysis due to the limited sample size. However, the boxplot
indicated a clear trend in the model accuracy comparison, with
the VFFRLS model consistently exhibiting higher accuracy
than the high FFFRLS model, which, in turn, outperformed
the fixed-parameter model, especially in the TP test.

B. Long-Duration FES Session
To validate the proposed adaptive Hammerstein model in

long-duration FES, two 7-minutes tests were conducted on
subjects. However, S1 received only two sets of electrical
stimulation of about 6 minutes each due to the limited tol-
erance and S3 received only SP electrical stimulation due to
scheduling constraints. The results of all subjects were ana-
lyzed. In long-duration SP test, except for two healthy subjects,
the rest of the subjects showed a decreasing trend in torque as
the experiment progressed, with an average decrease in torque
to 87.4% for healthy subjects and 78.1% for stroke subjects
of its original value. In long-duration TP sessions, excluding
three healthy subjects, the average torque of the remaining
healthy subjects decreased to 90.3% of its original value and
the average torque of stroke patients decreased to 69.3% of
its original value. The torque of ankle dorsiflexion gradually
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Fig. 7. The fit performance of the models for a healthy subject and a patient (S2). Fitting curve of a healthy subject under long-duration (a) SP test;
(c) TP test. Fitting curve of S2 under long-duration (b) SP test; (d) TP test.

declined, which was consistent with the results of fatigue
inducing experiments in the literature [21]. Therefore, it could
be inferred that under the electrical stimulation induced in this
experiment, most subjects have experienced muscle fatigue.

The model success rates for the healthy and stroke subjects
are shown in Table III. It could be observed that the success
rates of the VFFRLS model surpassed that of the other models.
Since the success rates of the adaptive model based on middle
FFFRLS and low FFFRLS were extremely low, these two
models were omitted from the subsequent analysis. Fig. 7
shows the fitting performance of the models in predicting ankle
torque for a healthy subject and a stroke patient (S2) under
experimental conditions involving SP and TP FES of the TA
muscles. To enhance visual clarity, the figure only included
data from three specific time periods: sequence1, sequence4,
and sequence6 and other sequences had been omitted from the
figure. From the figure, it was evident that the torque gener-
ated by the muscle exhibited variability, even with the same
electrical stimulation, and usually decreased as the time of
electrical stimulation increased. However, the proposed model
demonstrated good torque prediction capabilities, while the
other two models might experience an increasing prediction
error with prolonged electrical stimulation.

The model test statistical results of the models for the ten
healthy subjects and two stroke patients are shown in Fig. 8.
During the experimental period, the adaptive model based on
VFFRLS consistently maintained a high level of accuracy

TABLE III
PERCENTAGE OF MODELLING SUCCESS UNDER

LONG-DURATION FES SESSION

while the other two models’ accuracy declined apparently,
especially in patients’ experiments. According to the statistical
results of healthy individuals, as the electrical stimulation con-
tinued, the prediction results of the VFFRLS model performed
better than the fixed and high FFFRLS model. In SP test, from
sequence 4 to 6, the results of the VFFRLS adaptive model
showed a significant difference from the results of the fixed-
parameter model and high FFFRLS model (p<0.05). In TP
test, the GOF and RMSE results of the VFFRLS adaptive
model showed a significant improvement from the results
of the fixed-parameter model and high FFFRLS model in
sequence 4 to 6 (p<0.05). However, the high FFFRLS model
did not show significant improvement compared to the fixed-
parameter model.
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Fig. 8. The statistical test results. (a), (b) and (c) are the results of healthy subjects under long-duration SP test. (d), (e) and (f) are the results
of stroke patients under long-duration SP test. (g), (h) and (i) are the results of healthy subjects under long-duration TP test. (j), (k) and (l) are
the results of stroke patients under long-duration TP test. ∗ represents the significant difference level is at p<0.05, ∗∗ represents the significant
difference level is at p<0.01, and ∗∗∗ represents the significant difference level is at p<0.001.

V. DISCUSSION

Identification of muscle torque or force induced by FES is
an important part in the design of model-based FES controlled
systems to assist patients to restore lost motor functions. In this
study, an adaptive Hammerstein model which using VFFRLS
to update the parameters of the model based on neural network
was proposed to enhance the adaption ability of Hammerstein
model, allowing the model to cope with muscle time-varying
property and fatigue.

In previous modeling studies, the models were often fixed-
parameter, with low accuracy [19], [29], [31]. Due to the
dynamic characteristics of muscles and their propensity for
fatigue, the torque induced by FES exhibited variability and
fluctuations [21], [32], which is consistent with the Fig. 5 and
Fig.7. Hence, it became necessary to update the parameters.
Previous studies have commonly employed a fixed forgetting
factor to enhance the adaptive ability of the Hammerstein
model [21], [33]. However, the selection of an appropriate
forgetting factor value is not easy. Insufficient stability of
the system occurs when the forgetting factor is too small,
leading to modelling failures. Conversely, when the forgetting
factor is too large, the algorithm’s tracking performance is
compromised due to the persistent high weighting of historical
data, resulting in cumulative error [26], [34], [35], [36].
When applying the VFFRLS method to update the linear
block parameters of the Hammerstein model, the problem of
forgetting factor selection can be avoided as it is dynamically
adjusted according to the error variation at different time

instances. When the error is large, it suggests significant
parameter variations. So, reducing the forgetting factor can
improve model tracking. Conversely, when the error is small,
it indicates a closer parameter identification to the actual value,
and the algorithm tends to be stable. In such cases, increasing
the forgetting factor appropriately is recommended to enhance
algorithmic stability. Besides, according to [26], the analysis
of the sum of squared error surface revealed a notably flat
region around the ideal (λmin, ρ) parameters. This observation
suggests that the cost function remains relatively stable when
the (λmin, ρ) is varied within a certain range and the VFFRLS
algorithm can achieve good results. Therefore, when applying
the proposed model to predict torque in other joints, there
is no need for significant parameter modifications. Not only
that, neural network was adopted to represent the nonlinear
block, which had better nonlinear expressivity than linear
polynomials [24], [28], [29]. Despite the limited amount of
data used as the training set, the model still achieved a high
level of accuracy.

The proposed model not only significantly enhanced accu-
racy and robustness in predicting FES-induced torque but also
demonstrated promising potential for generalizability across
different scenarios and is expected to be applicable to model-
based FES tracking tasks. The accuracy of the model was
comparable to that of the eEMG to torque model [21], [33],
while avoiding the problem of inconvenient measurement
of eEMG, such as errors caused by electrode displacement,
sweating, and stimulation artefacts that tend to contaminate
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the eEMG signal recorded from the target muscle. At the same
time, the proposed adaptive model also effectively reduced the
maximum error of prediction, which could avoid insufficient
or excessive output intensity due to the large transient error
of model prediction in the FES control system. Besides, the
model’s general potential across different FES profiles was
also preliminarily explored. Based on the neural network
identification results obtained from short-duration SP test,
it was possible to update the parameters using the experimental
results from TP test, thereby achieving torque prediction under
TP test. By leveraging the information obtained from both
types of tests, the model might adapt and accurately predict
torque in various scenarios. However, SP stimulation had
better prediction results than TP stimulation, especially for
long-duration test. In voluntary muscle contractions, it was
speculated that compared to the staircase force mode, the
sinusoidal mode was more similar to dynamic voluntary tasks,
and therefore, it might contain more patterns of voluntary
contraction force [37]. Hence, we hypothesize that FES with
sinusoidal excitation may also provide more valid activation
information and closely align with the dynamic characteristics
of muscle activity. As for the FES control systems, although
there have been studies applying ILC control for gait modu-
lation [38], [39] and model-based repetitive control for hand
tremor suppression [5], these methods are non-precise control.
To address the uncertainties and muscle fatigue induced by
electrical stimulation, hybrid systems combining FES and
robots have been developed [40], [41]. These controllers
primarily rely on robots for error compensation and fatigue
regulation, which increases the technical complexity and hard-
ware requirements. However, as FES is a rehabilitation method
that can promote muscle active contraction, it is important
to improve the model accuracy to achieve precise control of
FES which is beneficial for the comprehensive modulation
of movement, rather than solely focusing on a single issue,
such as the maximum ankle angle of gait. And we believe
that a more accurate model aids in the development of model
predictive control FES tracking tasks.

To enhance the robustness of the Hammerstein model and
its ability to handle time-varying property and fatigue, the
VFFRLS was proposed. However, despite instructions given
to subjects to refrain from voluntary movements, there was
no direct evidence to confirm that, and even slight changes
in posture could affect the measurement of torque. Besides,
the current experiments have only been conducted on limited
patients with paralysis, and more patients will be recruited
in the future. Additionally, introducing the torque-joint angle
function into the proposed model holds great promise for
its application in FES rehabilitation including model-based
control and combining with robots to create hybrid systems,
which can leverage the advantages of robotic control while
also providing physiological benefits of FES.

VI. CONCLUSION

In this study, an adaptive Hammerstein model which
employing VFFRLS to update the parameters of the model
based on neural network was introduced to predict the ankle
torque induced by electrical stimulation. The performance of

the proposed adaptive model, the fixed-parameter model and
FFFRLS model was compared. It was concluded that the mod-
eling results had been significantly improved compared with
the fixed model and FFFRLS adaptive model in short-duration
FES session and long-duration FES session. Therefore, the
VFFRLS adaptive model is suggested to simulate ankle torque
induced by electrically stimulated muscle.
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