Proceedings of 2020 IEEE
International Conference on Mechatronics and Automation
October 13 - 16, Beijing, China

Comparison of Isometric Force Estimation Methods for
Upper Limb Elbow Joints
Ziyi Yang*1 Shuxiang Guo *2*3, and Yi Liu*1
*1

*3

Graduate School of Engineering
*2 Department of Intelligent Mechanical Systems
Engineering
Kagawa University
Hayashi-cho, Takamatsu, 761-0396, Japan

Key Laboratory of Convergence Medical Engineering
System and Healthcare Technology, The Ministry of Industry
and Information Technology, School of Life Science
Beijing Institute of Technology
Haidian District, Beijing, 100081, China

s19g533@stu.kagawa-u.ac.jp

guo@eng.kagawa-u.ac.jp

promoting the training effect such like assisted as needed
training [7]-[14]. However, a conventional and direct way of
measuring interaction force using the force/torque sensors is
inconvenient to implement force/torque sensors by adding an
extra rigid and bulky structure [15]. Alternatively, the surface
electromyographic (sEMG) signals which generated by the
central nervous system and the muscle can realize that
estimating the kinematic parameter such as force, torque and
joint angle, without any sensors [16]-[19].
Current force estimation methods can be separated as two
kinds: model-based method and model-free method. The
model-based method would utilize an anatomy skeletal model
such as a Hill-type neuromusculoskeletal model for exploiting
the relationship between the measured neuromuscular signals
and skeletal mechanical functions. Furthermore, the modelbased method would also measure the human body parameters
and sEMG signals to calculate the individual muscle force, then
the total interaction force would be calculated by a muscleskeleton model. Navacchia et al. develop electromyographyinformed musculoskeletal model of the drop vertical jump
motor task [20]. In our previous research, Pang et al. proposed
a novel Hill-type model musculoskeletal model to prediction
the force in push motion and touch motion [15].
Conversely, the model-free method can estimate the
interaction force by artificial intelligent algorithms instead of
complexed musculoskeletal models. The model-free method is
a kind of inverse approach which means that the relationship
between the neuromuscular signals and muscle skeleton
kinematics can be obtained by learning processing [21]. The
neural networks have the good performance on mapping
problem or regression problem [17]. Dai et al. predicted
individual finger forces through an estimation of the descending
neural motoneuron activities [22]. Sun et al. proposed a
decomposition of one-channel sEMG signals into constituent
motor unit action potentials (MUAPs) by learning an
orthogonal basis of sEMG signals through reconstruction
independent component analysis and extracting spike-like
MUAPs from the basis vectors [23]. Rane et al. used a deep
neural network to learn the mapping from movement space to
muscle space [24]. In our previous research, we proposed a
novel elbow joint angle prediction method for rehabilitation

Abstract –For post-stroke patient, the interaction force
between the impaired limb and the rehabilitation robotic system is
an important issue for patient safety in clinical treatment. The
surface electromyographic signals is generated from the center
nervous system which can present the muscle activity for
predicting the muscle force without force/torque sensors. For
predicting the isometric joint force, there are two kinds of
methods, the model-based approach and the model-free approach.
In the model-based method, a musculoskeletal model would be
usually used for calculating the individual muscle force. The
interaction force would be calculated by a bio-mechanical model
based on the individual muscle force. Conversely, the model-free
would establish an approximate model by directly mapping the
relationship between the force data and the sEMG signals. The
purpose of this paper is to compare these two kinds of prediction
method for interaction force between human and contacting
environment by the sEMG signals. In this study, the isometric
elbow joint extension motions are focused. Two muscles of the
upper limb were selected to record EMG signals. The Hill-type
musculoskeletal model was employed as the model-based
approach and the neural network was selected as the model-free
approach. The experimental results show that the model-free
method have the better prediction performance which can provide
acceptable prediction results with root-mean-square error
(RMSE) error below 2.20 N.
Index Terms –Electromyography, Upper limb elbow joint, isometric
force prediction

I. INTRODUCTION
There are over seven million people suffering the
disability and motor function losing from stroke in America [1].
Rehabilitation robotic systems have been often used for the
motor function restoration for post-stroke patients which can
reduce the medical resources and promote the rehabilitation
effect [2]-[3]. The rehabilitation robotic systems can be worn or
hold to provide the limb motor guidance to the patient limb [4][5]. Considering that the weakness of impaired limb, the
interaction force between the device and impaired must to be
limited in a reasonable range which can ensure the patient
safety during the rehabilitation training [6]. It is also necessary
to realize the friendly human-robot interaction strategy for
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recovery system based on General Regression Neural Network
(GRNN) [25].
As the number and variety of force prediction approaches
proposed, an emerging challenge is determining which
approaches are most suitable for clinical application. Some
research has been performed to compare the model-based
method with some model-free regression algorithm in joint
angle prediction [26]. However, no one has compared existing
data-driven interaction force prediction approaches with a
model-based approach.
In this paper, we focused on the comparison of modelbased and model-free isometric interaction force prediction of
elbow joint extension. The two channels sEMG signals from the
biceps and the triceps were collected for prediction of
individual muscle force. After the collection and noise signal
removed, the filtered signals should be normalized as the input
data. In the model-based approach, a Hill-type musculoskeletal
model was employed to predict the total joint force after
calculating the human body parameter. In the model-free
approach, a backpropagation neural network was employed as
the prediction function to mapping the relationship between the
sEMG signals and the force signals. Eventually, the prediction
performance of model-based approach and model-free
approach would be evaluated over 5 subjects.
This paper has been divided into four parts. The section I
gives a brief overview of the human environment interaction
force prediction approaches. Section II begins by laying out the
details of musculoskeletal model-based force prediction
method and the neural network-based method. Section III sets
up the experiment, analyses the results gathered and evaluates
the effect of this method. Section IV draws together the key
results and gives our conclusion.

a) Personal-EMG device and filter

b) Electrode

Fig. 1. sEMG collection devices

Fig.2 The EMG signals process flow chart

order to remove the DC offsets and the low-frequency noise.
After the filter box, a full-wave rectifier is applied to get the
absolute value of the sEMG signals. Finally, a low-pass 4 order
butterworth filter with cut-frequency at 10Hz was employed to
get the filtered sEMG. After the signal preprocessing, a linear
normalization was utilized to mapping the EMG to a value
between 0 and 1 by maximum voluntary contraction (MVC).
𝐸𝑀𝐺𝛼 − 𝐸𝑀𝐺𝑚𝑖𝑛
𝑢=
(1)
𝐸𝑀𝐺𝑚𝑎𝑥 − 𝐸𝑀𝐺𝑚𝑖𝑛

II. FORCE ESTIMATION METHODS
A. Raw sEMG signals acquisition and processing
During the upper limb elbow joint isometrics contraction,
the biceps brachii and triceps brachii are a pair of antagonistic
muscles of flexion and extension in sagittal plane. In order to
avoid the redundancy of muscles and comfortable physical
human-machine interface, only the biceps brachii and triceps
brachii were selected in this study for elbow joint extension
force estimation. The raw sEMG signals were collected by a
commercial EMG signal capture device shown as Fig .1 (a)
(Personal-EMG, Oisaka Electronic Equipment Ltd. JAPAN).
The sample rate of raw sEMG signals was set at 1000Hz, with
a common-mode rejection of 104dB. The raw sEMG electrodes
are Ag/AgCl bipolar surface electrodes (Oisaka Electronic
Equipment Ltd. JAPAN). The electrode locations of biceps and
triceps are aligned parallel to the muscle fibers on the belly of
the muscle, respectively. The reference electrode location is
placed on the wrist joint bone which is the front of ulna.
The sEMG signal is a kind of unstable biomedical signals.
Therefore, it is necessary to preprocess the raw sEMG signals
for removing the noise signal. The whole signal process is
shown as Fig. 2. There is an accessory high-pass filter box
(Filter box, Oisaka Electronic Equipment Ltd. JAPAN) which
would filter the raw sEMG signals at 10Hz cut-off frequency in

B. Hill-type-based Muscular Model
The interaction force is the synchronic effect of the
agonist-antagonist muscles. In details, the interaction force is
generated by different muscle forces on the joint and the
environment. In order to calculate the single muscle force, the
hill-type muscular model which has been widely used for
muscle force estimation was employed in this study. The hilltype model simplifies the muscle structure into a pair of
elements arranged in series: the passive serial element (SE) and
the active contractile element (CE); and a passive element (PE)
arranged in parallel to the previous two as shown as the Fig. 3.
The main equations of hill-type model have been shown as
follows:
𝑆
𝐹𝑚𝑎𝑥
𝐹𝑃𝐸.𝑆𝐸 = [ 𝑆
] − [𝑒 ∆𝐿𝑚𝑎𝑥∆𝐿 ]
𝑒 −1
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(2)

𝐹𝐶𝐸 = 𝐹𝑚𝑎𝑥 𝑢 ∙ 𝑓𝑙 ∙ 𝑓𝑣
∆𝐿𝐶𝐸
𝑓𝑙 = exp(−0.5((
− 0.05)/0.19))
𝐿𝐶𝐸0
𝑉𝐶𝐸
𝑓𝑣 = 0.1433(0.1074 + exp(−1.3sinh(2.8
+ 1.64)))−1
𝑉𝐶𝐸0
𝑉𝐶𝐸0 = 0.5(𝑢 + 1)𝑉𝐶𝐸𝑚𝑎𝑥
{

(3)

𝐹𝑇 = 𝐹𝐶𝐸 + 𝐹𝑃𝐸

(4)

𝑒 𝑢(𝑡)𝐴−1
𝑒𝐴 − 1

(5)

𝑎(𝑢) =

Where∆𝐿 denotes the difference between the length of the
element and the slack length, 𝑓𝑙 is the factor of force change
induced by muscle length and 𝑓𝑣 is the factor of force change
induced by the muscle change velocity. 𝐹𝑚𝑎𝑥 is the maximum
force generated by the element with the maximum difference in
the maximum length ∆𝐿𝑚𝑎𝑥 , 𝑆 is the shape parameter and
𝐹𝑃𝐸.𝑆𝐸 is the resistance force of the passive serial element (PE)
affected by the set of parameters used. 𝐹𝑇 represents the
muscle exert force. 𝑎(𝑢) is the muscle activation level of one
muscle. As we only focus on the isometric contraction of the
elbow joint extension in this study, the ∆𝐿 can be considered
as a constant and 𝑉𝐶𝐸 is zero. Therefore, a linear relationship
can be generated between the musculotendon force and the
muscle activity level as
𝐹𝑇 = 𝑐𝑇 𝑎(𝑡)

Fig.3 The hill-type muscle-tendon model

(6)

C. Muscle Contraction Dynamics
As the mentioned before, the interaction force is generated
by the agonist-antagonist muscles and the environment object.
In order to avoid the influence of the different gestures to
perform the elbow joint extension, only the upward touch
motion, in which subject used his fingers to contact the
environment with palmar aspect facing upward, was considered
in this study. During the isometric contraction of the elbow joint
extension, the biceps brachii (BB) and the triceps brachii (TB)
are the agonist-antagonist muscles acting on the elbow joint.
Therefore, the musculoskeletal model of the isometric
contraction elbow joint extension has been shown as Fig.4. The
dynamic model can be written as

𝜏𝐸𝑥𝑡𝑒𝑛𝑠𝑜𝑟𝑠 − 𝜏𝐹𝑙𝑒𝑥𝑜𝑟𝑠 − 𝜏𝑚𝑔 = 𝜏𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛

Fig.4 The isometric elbow extension musculoskeletal model

D. Neural Network-based Force Estimation Model
The neural network-based force estimation model is
another estimation method which can directly calculate the
interaction force according to the sEMG signals without any
complexed musculoskeletal model. In this study, the target data
is the isometric contraction force of in the of elbow joint

(7)

Where 𝜏𝐸𝑥𝑡𝑒𝑛𝑠𝑜𝑟𝑠 represents the torque of extensors (BB), and
𝜏𝐹𝑙𝑒𝑥𝑜𝑟𝑠 is the torque of flexors (TB). 𝜏𝑚𝑔 is the torque
exerted by the forearm gravity force. 𝜏𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 denotes the
interaction force torque exerted by the contact force.
Because of the isometric contraction, the arm moments of the
Eq.7 can be considered as a constant. Combing the Eq.7 with
the Eq.6, the interaction force model can be calculated as:

𝑐𝐹 𝐹𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 = 𝑐𝑎 𝑎𝐵𝐵 (𝑡) − 𝑐𝑎 𝑎𝑇𝐵 (𝑡) − 𝜏𝑚𝑔

(8)

Where the 𝑐𝑎 represents the product of moment arm of BB and
TB. 𝑐𝐹 is the moment arm of contact torque of 𝜏𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 .
Dividing 𝑐𝐹 on both sides of Eq.6 yield.

𝐹𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 =

𝜏𝑚𝑔
𝑐𝑎
𝑐𝑎
𝑎𝐵𝐵 (𝑡) − 𝑎 𝑇𝐵 (𝑡) −
𝑐𝐹
𝑐𝐹
𝑐𝐹

(9)

Fig. 5. The structure of the BPNN model. In the BPNN model, there are three
layers which contain an input layer, a hidden layer and an output layer.
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Fig. 6. The framework of proposed bilateral training strategy using sEMG-based intention interpretation for real-time bilateral control.

𝑅2 , were used to calculate the performance parameters [30].
The RMSE was defined as the following formula:

extension. The input data is the normalized sEMG signals.
Therefore, we assume that
𝐹 = [𝑓1 , … , 𝑓𝑖 , … , 𝑓𝑡 ],
(10)
{
𝑉𝑗 = [𝑣𝑗,1 , … , 𝑣𝑗,𝑖 , … , 𝑣𝑗,𝑡 ],
𝑗 = 1, … , 𝑘
Where the 𝐹 represents the estimated interaction force, and 𝑉
is the input feature vector of sEMG signals. In this study, a
backpropagation neural network (BPNN) was selected as the
regression tool. As the BPNN model can be considered as a
mapping function, the relationship between sEMG signals and
estimation force can be written as:

𝐹𝑖 = 𝑓𝐵𝑃𝑁𝑁 [𝑣1,𝑖 , 𝑣2,𝑖 ]

𝑁

1
𝑅𝑀𝑆𝐸 = √ ∑(𝜃𝑝 − 𝜃𝑟 )2 (13)
𝑛
𝑛=1

Where θ𝑝 is the predict angle,𝜃𝑟 is the real angle, 𝑁 is the
numbers of sample points.
The correlation coefficient was defined as the following
formula:

(11)

The BPNN structure is shown as Fig.5. There are three layers
in the BPNN model, which contain an input layer, a hidden
layer and an output layer respectively.
2
𝐹̃ = 𝑊𝑜𝑢𝑡 [
− 1] + 𝑏𝑜𝑢𝑡
(12)
−2(𝑊
𝑖𝑛 𝑉+𝑏𝑖𝑛 )
1+𝑒
Where F is the output of BPNN which represents the estimation
force. 𝑏 is the threshold vector and 𝑊 is the layer weight
which can be changed during the BPNN training process. For
training the BPNN model, all the data points are divided into
two groups: training and validation. During the offline training
experiments,70% of data were extracted for training and the
other 30% for validating.
E. Comparison Schematic of Force Estimation Methods
The comparison of model-based method and the modelfree method was carried out in this study. After the sEMG
signals collection and preprocessing, the muscle activity level
would be used as the input both of the musculoskeletal model
and the BPNN model. The only difference between these two
kinds of methods is that a training phase is necessary to BPNN
model for force estimation. For performance evaluation, the
root-mean-square error (RMSE) and correlation coefficients

1561

𝑅2 =

∑ 𝜃𝑝 𝜃𝑟 −
2

∑ 𝜃𝑝 𝜃𝑟
𝑁

2 (14)

(∑ 𝜃𝑝 )
(∑ 𝜃𝑟
) (∑ 𝜃𝑟 2 −
)
𝑁
𝑁
(
)
All the signal processing, and the data analysis were calculated
in MATLAB (Mathworks, MA).
√(∑ 𝜃𝑝 2 −

)2

III. EXPERIMENTS AND RESULTS
A. Experimental Setup
Five healthy male volunteers (average age: 25.4 years;
average weight: 68.1 kg; average height: 177.6 cm) participated
in the experiments. The protocol was approved by research
ethics committee of the Kagawa University. All subjects have
not any muscle disorder disease. The experimental setup was
shown as the Fig.6. Firstly, the skin was cleaned by alcohol to
reduce skin impedance for collecting the high quality sEMG
signals. Then the sEMG collect is according to the Section 2 A.
Before the experiment, the MVC test was carried out to record
the maximum value of each muscle for sEMG signal

Fig. 6. Experimental setup for force measuring

normalization. In order to get the target force data for
performance evaluation, a 6-axis force sensor (ThinNANO 4/20,
BL AUTOTEC. Ltd.) was implemented to collect the
interaction force. Due to the height difference of subjects, the
force sensor was assigned on a fixed bracket of which the height
of the bottom position can be adjusted to keep the horizontal
position with the subject’s forearm. In order to keep the model
parameter precision, the subject’s arm was asked keep the 90
degree in elbow joint.
In the experiment, the subjects were instructed to perform
an increasing force to the bottom of the force sensor along the
Y axis in sagittal plane. When the maximum point of force was
reached, they are allowed to relax the arm but keep the forearm
at the same position. The sEMG signals ang the force data were
recorded simultaneously. Each subject would perform the same
protocol for 10 times. During each trail, they can have a three
minutes interval for relaxing in order to avoid muscular fatigue.
The first five trials would be utilized for musculoskeletal model
parameter calibration and the BPNN model training, and the
rest trials would be used for performance evaluation.
B. Experimental Results
The comparison results of the model-based method and the
Neural Network-based method can be directly seen as Fig. 7.

Fig. 8 Correlation coefficient comparison results

Fig. 9 RMSE Comparison results

Fig. 7 Comparison results of model-based and model-free methods
Fig. 10 RMSE Comparison results
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From Fig. 7, the NN-based method has better prediction
performance than the model-based method. This result can also
be indicated from the Fig. 8, Fig. 9 and Fig. 10. The 𝑅2 result
of the model-based method and the NN-based method are 0.93
and 0.96 which means the NN-based prediction result has higher
correlation relationship to the target force data. The RMSE
results of the model-based method and the NN-based method are
2.4N and 1.5N, respectively.
After compared to these two methods, the model-based
method has more interpretable on math but it also brings some
disadvantages such as it will bring a huge work on calculating
the parameters according to different subjects and measuring the
human body parameters. Conversely, the NN-based method can
avoid these problems. The NN-based method is an inverse
method that is easy to carry out and validation. The key part of
NN-based method is the precision of the data. However, the NNbased method also has some limit that it is a kind of black box
approach without enough interpretation. The application of NNbased method in rehabilitation robotic systems can solve the
huge calculation on complexed model parameters for convince
and efficient.
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IV. CONCLUSIONS
A comparison of two human-environment interaction force
prediction methods is carried out in this paper. The interaction
forces of isometric elbow extension motion are focused on in
this study. A musculoskeletal model and a Neural Networkbased method are setup to estimate the interaction force. In the
musculoskeletal method, a Hill-type based muscular model was
employed to calculate each muscle by the sEMG signals from
biceps and the triceps which are the antagonistic muscles of
elbow joint. In the NN-based method, a BPNN was selected as
the prediction function to calculate the relationship between the
sEMG signals and the target force. The experimental results
show that the RMS errors of interaction force prediction are
below 2.1N. The experimental results indicated that the NNbased method has more efficient and precision on humanenvironment interaction force estimation without the
complexed model parameters calculation.
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