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ABSTRACT

Background: Unreasonable tasks will increase the person’s physical load, leading to
safety accidents and occupational diseases. To ensure a reasonable physical load and
improve the operational efficiency of the person as far as possible, it is necessary
to predict and evaluate the physical load of workers in real-time. Objective: A pre-
diction model of the physical load intensity of the human body based on a neural
network was established, and its effectiveness was verified. Methods: Twelve volunte-
ers completed four movements walking, jogging, climbing, and jumping. The surface
electromyography (sSEMG) on the left and right sides of the biceps brachii, rectus femo-
ris, biceps femoris, and gastrocnemius muscle was measured, and the motor posture
of volunteers was obtained by Vicon, the joint torque, maximum muscle activity, and
muscular force parameters were calculated based on the reverse dynamic model of
human motion. The sEMG eigenvalue and mechanical load parameters in different
postures were considered input and output, respectively, and 80% of all data were
used as the training set and the rest as the validation set. Results: In this study, we
found that the hip joint, knee joint, and ankle joint have a sizeable joint torque during
movement, in which the joint torque of the ankle joint is the largest and twice human
body weight at its peak. Besides, a larger muscle load occurs at the beginning and
end of contact between the human foot and the ground, and the muscle strength of
the rectus femoris was significantly higher than that of the biceps femoris (p<0.05).
The number of neurons in the input layer, an output layer, and a hidden layer of the
model is 32, 13, and 12, respectively. This study found that the prediction error of
maximum muscle activity was 6.4%. The average prediction error of joint torque was
8.7%, and the prediction error of the muscular force of the rectus femoris muscle was
no more than 9.5%. This model can reasonably predict the physical load of the human
body. Conclusions: A workload evaluation model based on the BP neural network was
established in this research, which can analyze the biomechanics of the human body
in motion and judge the human body’s physical load effectively according to the EMG
signal. Application: This model can measure the body load of soldiers and firefighters
in real-time during task training and provide a reference for task design.
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INTRODUCTION

The physiological and behavioural ability of the human body is the basis for
the human to complete various tasks, so it is crucial to accurately judge the
physiological and behavioural ability of the human body for much work. In
training or combat, soldiers are often required to carry a certain load weight
according to the mission requirements, mission time or mission environment,
and other conditions. Making an effective judgment on the decline of soldiers
load capacity in training and adjusting tactics in time according to the change
in soldiers’ load capacity will play a positive role in the victory (Bullock et al.
2010, Zhong et al. 2012).

To maintain a better physiological state to complete combat and training
tasks and reduce the occurrence of various injuries, many researchers have
studied the mechanical load of the human body. Epstein et al. studied the
energy consumption of long-distance walking with a load of 25 kg and 40 kg,
which showed that in the two-hour walking exercise, the work intensity exce-
eds 50% of the maximum working capacity, the increase in load will lead
to physical fatigue, which will lead to a rise in energy cost (Epstein et al.
1988). Park et al. have studied different gait strategies of normal gait and
weight-bearing gait. The results show that additional load not only increa-
ses the reaction parameters of vertical foundation and sheer foundation in
proportion but also increases impulse, momentum, and mechanical work
(Park and Min 2016). Kenton et al. investigated the research of musculoske-
letal system load of the US army before 2000. They found that the injury
rate during military training was very high and varied, primarily caused
by high running mileage, high weekly exercise, and biomechanical factors
(Kaufman et al. 2000). Filzah et al. conducted a comprehensive analysis
of soldiers’ gait and motion during a long time loaded march and obtai-
ned different kinematic characteristics of soldiers’ critical joints, such as
angle changes and motion range. The method was able to identify impor-
tant joints that were most affected by weight-bearing (Damit et al. 2017).
Dempsey et al. studied vertical jumps, landing with a focus on safety,
jumping, and landing with distraction. They found that the average jump
height decreased as the load increased or the running task progressed. Peak
gravitational acceleration increases by 13-19% under load, while after vigo-
rous exercise, the peak gravitational acceleration further increases by 4-9%
(Dempsey et al. 2014).

To sum up, many studies have been done on the mechanical load and
injury of the human, and have proved that it is feasible to use a neural
network to study human load. Kipp et al. used a neural network to pre-
dict the joint torque of the hip, knee, and ankle during weight lifting. The
percentage difference between the results of inverse dynamics calculation
and the peak net joint torque predicted by the neural network is between
5% and 16% (Kipp et al. 2018). Uchiyama et al. used the comprehen-
sive EMG signals of the muscles between the shoulder and elbow and the
angle of the shoulder and elbow joint as the input of an artificial neural
network to predict the flexion and extension moment of the elbow joint
(Uchiyama et al. 1998). McBride et al. used the neural network model to
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analyze the biomechanical gait data, took the joint angular velocity and the
three-dimensional reaction force on the ground as the input of the model, and
took the score of the Lawrence scale as the output of the model to predict
the joint deterioration and pain of the participants with knee osteoarthri-
tis. The results showed a strong correlation between gait dynamics and joint
deterioration and pain in patients with osteoarthritis (Mcbride et al. 2011).
The above researches show that it is feasible to use a neural network to pre-
dict human body load. This paper aims to establish a prediction model of
human exercise load intensity based on the BP neural network and verify its
effectiveness.

METHODS

In this paper, twelve healthy male college students were recruited as volun-
teers, their average height was 174.83+3.85cm, and their average weight
of 71.87+6.80 kg, their Body Mass Index (BMI)was 23.53+2.29. None of
them had any history of heart disease, physical disabilities, or other limita-
tions, whose physical conditions met the experimental requirements. During
recruitment, the volunteers were informed of the purpose, procedure of the
experiments, and research-related risks, each of whom signed an informed
consent form. The experiments were approved by the ethics committee. All
the volunteers completed four movements: walking, jogging, climbing, and
jumping.

The experimental equipment used in this study mainly includes the Vicon
optical motion capture system developed by the British Oxford Metrics Limi-
ted company, and the sampling frequency is set to 100Hz. In the American
Applied Molecular Transport (AMTI) three-dimensional force measuring
platform, the DTS-16 wireless EMG acquisition system developed by the
American Noraxon, the sampling frequency is set to 1500Hz.

As shown in Figure 1, the surface EMG signals of the left and right the
biceps brachii, rectus femoris, biceps femoris, and gastrocnemius muscle of
the volunteers were collected. The low-pass filter is used to filter the EMG
signal, and the primary information of EMG 10-200Hz is retained. The
second is to eliminate the baseline drift, and the adaptive SOHz filter is used
to remove the S0Hz power frequency noise in EMG. The posture data of 37
Mark points of volunteers (7 marked points of left and right upper and lower
limbs, five marked points of trunk, and four marked points of the pelvis) were
collected. Vicon Nexus 2.5 was used to process the data. The consistency of
37 markers with the experimental scheme, the advantages and disadvantages
of data quality, and the data loss phenomenon were determined.

The surface EMG signal eigenvalues and human body mechanics load in
different postures are taken as input and output, respectively. 80% of the
data was used as a training set and the rest as a validation set. The integral
EMG value (IEMG), root mean square (RMS), median frequency (MDF),
and average power frequency (MPF) are selected as the input characteristics
of mechanical load forecasting, which are calculated as shown in equation

(1), (2), (3) and (4).
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Figure 2: The model initialization.
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Where x; represents the EMG signal, and N represents the length of the
EMG signal. P; is the power spectrum of the EMG signal at the frequency
domain j, and M is the length of the frequency domain.
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Figure 3: The BP neural network model.

As shown in Figure 2, the model was established based on the Anybody
biomechanical simulation system, and the reverse dynamic model is initia-
lized according to the data captured by the subjects. The collected motion
capture data drive the Anybody model to simulate and calculate the muscle
activity or joint torque.

This paper established the prediction model of the human physical load
based on the BP neural network. As shown in Figure 3, BP neural network
is a multilayer feedforward neural network trained according to the error
reverse propagation algorithm, which consists of one input layer, one output
layer, and one or more hidden layers. The activation function in this paper
is the sigmoid function, whose output is limited to [0, 1], and its analytical
equation is shown in (5).

1

flx) = 11 ex (5)

RESULTS AND DISCUSSION

As shown in Table 1, the maximum muscle activity of the volunteers was not
more than 1, which indicated that the muscle load did not reach the state of
injury and reached the state of muscle fatigue during regular exercise. The
joint torque and muscle force of all volunteers were analyzed, and it was
found that the maximum torque of the elbow joint was kept at a low level.
Compared to other joints, the joint torque of the ankle joint of the lower
limb was the largest. Besides, the muscle force of the rectus femoris was gre-
ater than the biceps femoris, which may be caused by the solution of muscle
recruitment. There are differences in mechanical load among volunteers due
to the incomplete body weight, posture, and speed.

In this paper, Python was used for training and prediction. The activation
function is the sigmoid function, the training times are set to 5000, and the
learning rate of the network is set to 0.05. The neural network was trai-
ned after setting the parameters. Finally, 2764 groups of sample data are
randomly sorted, and the training and test sets are divided at 8:2.

In this paper, BP neural networks were established according to the num-
ber of these hidden layers. The number of neurons in the input layer is 32,
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Table 2. Convergence of neural networks under diffe-
rent hidden layers.

Hidden layers Iteration Convergence error
7 621 0.009937
8 461 0.009944
9 589 0.009979
10 488 0.009965
11 290 0.009957
12 178 0.009944
13 290 0.009964
14 333 0.009981
15 268 0.009933
16 435 0.009976
17 189 0.009936
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Figure 4: Mean square error of BP neural network.

and the number in the output layer is 13. As shown in Table 2, the hidden
layer neurons range from 7 to 17. The model convergence advantages and
disadvantages were preliminarily calculated when other conditions were con-
sistent. In the case of constant control of other states, when the number of
neurons in the hidden layer is 12, the convergence algebra of the model is the
smallest, which indicates that the convergence speed of the BP neural netw-
ork is the fastest, so the number of neurons in the hidden layer is set to 12.
The variation of the mean square error during the model training is shown in
Figure 4, and the network converges after 1500 generations of conditioning.

After completing the training set, the test set data is used to verify the
model. As shown in Figure 5, the whole-body mechanical load predicted by
the model, the maximum muscle activity is compared with the experimental
value. The blue dot represents the actual mechanical load calculated by the
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Figure 5: Model prediction result.

Table 3. Output prediction error.

The output characteristics The training error
Maximum muscle activity 0.064
Left elbow torque 0.082
Left hip torque 0.088
Left knee torque 0.111
Left ankle torque 0.104
Left rectus femoris muscle force 0.095
Left biceps femoris muscle force 0.097
Right elbow torque 0.071
Right hip torque 0.092
Right knee torque 0.067
Right ankle torque 0.057
Right rectus femoris muscle force 0.085
Right biceps femoris muscle force 0.120

Anybody model, and the red dot represents the mechanical load predicted by
the BP neural network, the goodness of fit of the network is better.

AS shown in Table 3, the error of the overall physical load and the local
physical load was calculated. The maximum muscle activity prediction error
is 6.4%, which is low among all the physical load prediction errors. The
prediction error of joint torque is less than that of muscle force, which may
be due to the need for muscle recruitment in the calculation process. How-
ever, the physiological recruitment mechanism is unclear, and there may be
some errors in simulation calculation. The maximum error of all physical
load calculations is less than 12 %, and the average error is 8.7%, indicating
that the model can well realize the prediction of human physical load.

The present study is limited by its single sample source. Only volunteer col-
lege students were taken as samples, who somewhat differed in the physical



204 Zhou et al.

constitution of the soldiers. Besides, further research is needed concerning the
physical load of the human body under different load conditions.

CONCLUSION

In this paper, a model of human physical load evaluation based on the BP
neural network was established, which takes the EMG characteristic value
as the input and the mechanical load of humans as the output, and realizes
the prediction of the mechanical load of humans, with an average prediction
error of 8.7%. Mainly, the model can effectively judge the mechanical load of
humans and can real-time measure the body load of soldiers and firefighters
in task training, which provides a reference for task design.
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