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Abstract: The aim of this article is to introduce methods of prediction of muscle behavior of the lower extremities based
on artificial neural networks, which can be used for medical purposes. Our work focuses on predicting muscletendon forces and moments during human gait with the use of angle-time diagram. A group of healthy children
and children with cerebral palsy were measured using a Vicon MoCap system. The kinematic data was recorded
and the OpenSim software system was used to identify the joint angles, muscle-tendon forces and joint muscle
moment, which are presented graphically with time diagrams. The musculus gastrocnemius medialis that is often
studied in the context of cerebral palsy have been chosen to study the method of prediction. The diagrams of
mean muscle-tendon force and mean moment are plotted and the data about the force-time and moment-time
dependencies are used for training neural networks. The new way of prediction of muscle-tendon forces and
moments based on neural networks was tested. Neural networks predicted the muscle forces and moments of
healthy children and children with cerebral palsy. The designed method of prediction by neural networks could
help to identify the difference between muscle behavior of healthy subjects and diseased subjects.
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1.

Introduction

In medical practice, there is no appropriate widely-used
application of a system or method based on artificial
intelligence (AI) for identifying defects in the locomotor
muscle-tendon force or moment curve during the gait cycle,
or for controlling the artificial muscles. Above all, it is
difficult to identify and predict the graph of the muscle
force or moment curve. Several methods can be used in
medical practice and in physiotherapeutic research for
∗
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identifying defects in muscle behaviour. Some simple
models focus on musculoskeletal geometry and enable the
length and moment of muscles to be estimated, [1]. More
complex models have been created to characterize muscle
force generation, limb dynamics, and CNS control, [2–4].
Based on [2], we have to take into account two models:
kinematics and dynamics.
The kinematic models are used in conjunction with
experimental measurements of kinematic movement to
examine muscle lengths. The model that accurately
represents musculoskeletal geometry can be used to
identify which muscles are shorter or weaker than normal
(during movement), [2, 5]. The dynamic models are
essential tools for understanding motions produced by
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muscles. Clinical assessments of muscle function during
movement are usually based on the electromyographic
(EMG) activity of a muscle, muscle force production and
the joint moment to which the muscle contributes, [2, 6–8].
Usually, the measured kinematic data are processed in
software to identify the muscle force or the joint moment.
The most commonly used software is SIMM, LifeMOD,
OpenSim, etc. using above-mentioned models.
The most widely-used technique for studying gait
behavior in clinical practice is gait phase analysis
by time-phase diagrams, [9, 10].
The time-phase
diagrams have been used to predict and analyze gait
variables with the application of AI methods, [11–17],
but the findings subsequently have not been applied
in medical practice.
Some prediction methods are
based on optimization methods to transform joint
torques into estimation of individual muscle forces using
musculoskeletal models, [18]. Very intensive research is
now being done on predicting leg movements by AI and
EMG signal measurements [8]. For a study of gait, new
method based on an analysis of gait angles using angletime diagram and AI have been used to predict muscle
length of the lower limb, [19]. However, the application of
the prediction of muscle force and moment has not been
studied or used in practice. Application of prediction of
muscle force or moment based only on the angle-time
diagram in conjunction with AI can offer a wide range
of medical applications. In this paper, the prediction of
the dynamic variables, i.e. muscle-tendon force and joint
muscle moment will be described.

2.

Materials and Methods

2.1.

Measurement and data processing

To create and study angle-time diagrams, gait analysis
was performed using a motion capturing system (VICON
MX; Oxford Metrics, Oxford, UK) and four floor mounted
force plates (AMTI). Marker placement followed a
standard protocol, [20].
The sample frequency was
120 Hz. Measurements were carried out at the Paediatric
Orthopaedic Unit, Department of Paediatric Surgery,
Medical University of Graz. Each patients (children with
cerebral palsy) and eight healthy subjects (children: mean
height 126 cm, mean weight 29.7 kg) walked at a selfselected walking speed along a ten-meter walkway. From
each trial with different walking speed, only one selected
walking speed (same for all subjects) and the one gait
cycle was used to calculate the patient’s mean trial.
Calculations of kinematic and kinetic parameters of gait
were performed using the OpenSim (NIH Center for
Biomedical Computation, Stanford University). A three-

Figure 1.

Musculoskeletal lower extremity model in OpenSim and
marker placement used to identify the dynamic variables
of the muscle activity.

dimensional lower extremity musculoskeletal model was
used to estimate the variables of the muscle activity of a
subject during walking (Figure 1). The locations of the
muscle origins and insertions to the bone segments of
the model were designated based on prior experimental
studies [4, 21]. Based on the marker placement on the
subject, see Figure 1, the OpenSim musculoskeletal model
was scaled accordingly.
The gait is usually characterized by joint angles between
body segments and their relationship with events of the
gait cycle. The angles were determined using the inverse
kinematics tool in OpenSim, which uses a least squares
approach to minimize the difference between experimental
marker location and virtual markers on the model while
maintaining joint constraints. The human mean walking
speed was 1.15 m·s−1 , i.e. selected walking speed of
measured subjects. After determining the angles of the
joints of all subjects, the mean knee joint angle was
identified by MatLab (The MathWorks, Inc.) software.
The angle-time diagram of mean knee joint angle (during
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Figure 2.

walking) is plotted, see Figure 2.
The angle-time
diagrams can be used in algorithms for a variety of
prediction methods, [17].
The OpenSim software system was also used to identify
the dynamic variables of the muscle activity (i.e. muscle
force and moment). OpenSim software gives information
about the behavior of muscles of musculoskeletal model
embedded in it. Thus, OpenSim provides data about the
muscle force and the joint muscle moment. The data from
the OpenSim software was normalized to the weight and
height of the subjects. Normalization of the data has been
described in detail by Stansfield et al., [22]. The mean
muscle-tendon forces and mean joint muscle moment were
calculated by MatLab software.
For further analysis and tests, a number of muscles could
be chosen. The musculus gastrocnemius medialis that is
often studied in the context of cerebral palsy and other
disabilities, [23], have been chosen to study the prediction.
The gastrocnemius muscle is a very powerful superficial
muscle, and is involved in standing, walking, running and
jumping. Its function is plantar flexing the foot at the
ankle joint and flexing the leg at the knee joint. Thus,
the study of the function of the muscle is also important
for the definition of requirements for artificial muscles.
The validity of these assumptions could also be verified
by surface electromyography (SEMG), [24]. Diagrams
of mean muscle-tendon forces and mean moment of the
musculus gastrocnemius medialis are plotted and the data
about the force-time and moment-time dependence are
stored for subsequent use, see Figure 3.

2.2.

Prediction of muscle behavior

The main object of our work is to test new way of
prediction of muscle behavior based on AI. For this
purpose, the AI methods which are implemented in MatLab
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Figure 3.

Diagram of normalized mean muscle force of the musculus
gastrocnemius medialis.

Figure 4.

A schematic diagram of the ANN for predicting the muscle
moment and muscle force.

Angle-time diagram of mean knee joint angle.

toolboxes, [25, 26], are used. The neural networks (ANN)
were used to predict the dynamic variables of the muscle
activity. ANNs are based on the neural structure of the
brain, [27, 28]. The input to the first layer consists of
values from data record, see Table 1. The final layer is the
output layer, where there is one node for each physical
quantity, Table 1. The prediction of time series using
the NN consists of teaching the net the history of the
variable in a selected limited time and applying the taught
information for the future, [29, 30]. Data from the past is
provided to the inputs of the NN, and future data from the
outputs of the network are expected, Figure 4.
Our learning method is based on the premise of the
proposal of a table with columns of states. It is assumed
that one column of previous states will be sufficient,
Table 1. The first row of the table contains the first
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Table 1.

Table of training data of the joint angle, the muscle force and the muscle moment.

A. General description
Input data
Joint angle

Target data
Moment

Force

α1

M2

F2

α2

M3

F3

α3

M4

F4

···

···

···

αn

Mn+1

Fn+1
B. Example of data sets

Joint angle (◦ )

Moment (×10−3 )

Force (×10−2 )

1.7

0.93

3.55

4.7

1.04

3.96

6.8

1.07

4.06

8.4

0.97

3.72

angle computed from the measured data, and the next two
columns indicate the calculated next value of the moment
and force, as a target to which the ANN learns. The
second row contains the second calculated value of the
angle, and in the second to third column in the same
row the values of the expected moment and force are
considered as a target. This cascading method fills a table
of n rows, where n + 1 is the number of states of known
values we decided to use for the learning process, Table 1.
Thus the method is generally based only on information
about a man walking and muscle behavior. Walking
is described by the angle-time diagram and the muscle
behavior is described by the graph of the mean muscle
force and the graph of the mean muscle moment. The parts
of the curves of the mean angle-time, mean moment-time
and mean force-time diagram, which represent a set of
states, are used for learning. These states are divided into
past states and expected states. With each presentation,
the output of the ANN was compared to the desired
output, and the error was computed. This error was then
treated as feedback (backpropagated) to the NN, and was
used to adjust the weights of ANN in such a way that the
error decreases with each iteration and the neural model
gets closer to producing the desired output.

the muscle moment and five expected states of value of
the muscle force, Table 2. The improved predictions are
achieved by extension of the section of the curve of the
diagram, but the complexity of the ANN and the computing
time also increases.

The table of input and target data can be extended to
more past states and expected states that could be also
very important for the predicting the muscle behavior, i.e.
accuracy of prediction of the muscle moment or muscle
force. The ANN could be extended to neurons with regard
to other input values, e.g. the five past and actual states of
value of the joint angle. The ANN could also be extended
to new output neurons, so that the NN learns by new
target values, e.g. the five expected states of value of

After training the ANNs, parts of the trajectory of the
angle-time diagrams of knee joint angle were used for
predicting the expected states of the muscle force and joint
muscle moment. By using short sections of the angle-time
diagram curve, which was loaded into a NN, the trained
NN predicted the subsequent behavior of the muscle, i.e.
predicted moment-time and force-time diagram curve.

The backpropagation algorithm (implemented in MatLab
Neural Network Toolbox) is used for training the designed
ANNs.
With backpropagation, the input data was
repeatedly presented to the NN. The several modifications
of ANNs were tested. The NN type 5-10-15-10 (inputhidden-hidden-output layer) was used for verification and
presentation of the proposed prediction method.
The main object of our study was to predict the trajectory
of dynamic variables, i.e. muscle force and muscle moment,
on the basis of the current state and n past states of the
lower extremities, and to make the prediction with the use
of AI. After training the ANNs the angle-time diagrams
was used to predict the future states of the dynamic
variables, i.e. muscle force and joint muscle moment of
the musculus gastrocnemius medialis.

3.

Results

First, the prediction of the muscle behavior of randomly
selected healthy subject were used and tested. For the
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Table 2.

Table of training data of five past states of joint angle, five expected states of the muscle moment and five expected states of the muscle
force.

A. General description
Input data

Target data

Joint angles

Moment

Force

α1

···

···

α4

α5

M6

···

···

···

M10

F6

···

···

···

F10

α2

···

···

α5

α6

M7

···

···

···

M11

F7

···

···

···

F11

α3

···

···

α6

α7

M8

···

···

···

M12

F8

···

···

···

F12

···

···

···

···

···

···

···

···

···

···

···

···

···

···

···

αn−4

···

···

αn−1

αn

Mn+1

···

···

···

Mn+4

Fn+1

···

···

···

Fn+4

B. Example of data sets
Input data

Target data

Joint angles (◦ )

Moment (×10−4 )

Force (×10−2 )

1.7

4.7

6.8

8.4

7.3

7.69

4.19

1.96

1.94

2.15

2.99

1.74

0.62

0.40

0.45

4.7

6.8

8.4

7.3

3.1

4.19

1.96

1.94

2.15

2.23

1.74

0.62

0.40

0.45

0.51

6.8

8.4

7.3

3.1

-6.8

1.96

1.94

2.15

2.23

2.28

0.62

0.40

0.45

0.51

0.66

8.4

7.3

3.1

-6.8

-22.4

1.94

2.15

2.23

2.28

2.38

0.40

0.45

0.51

0.66

0.96

···

···

···

···

···

···

···

···

···

···

···

···

···

···

···

prediction, the NN with the input data about measured
states of joint angle of the subject was used. The Figure 5
shows an example of the diagram of knee joint angle
(during walking) of the healthy subject used to predict
the muscle behavior.
The NN predicts the state of variables (muscle force
and muscle moment), and the predicted curves of muscle
behavior and the graphs identified by OpenSim software
were compared.
The Figure 6 shows examples of
the diagrams of muscle behavior identified by OpenSim
software. The Figure 7 shows examples of the predicted
diagrams (muscle force and joint muscle moment) by the
NN with the use of the input data about measured states
of knee joint angle from Vicon motion analysis system,
Figure 5. It is obvious that the predicted curves (Figure 7)
correspond to the original form (Figure 6) of curves
of muscle behavior identified by Vicon motion analysis
system and OpenSim software.
Secondly, the prediction of the muscle behavior of
randomly selected children with cerebral palsy was tested.
For the prediction, the same ANN with the input data
about measured states of joint angle identified by Vicon
motion analysis system was also used. The Figure 8
shows an example of the diagram of knee joint angle
(during walking) of children with cerebral palsy used to
predict the muscle behavior.
The ANN predicts the state of variables (muscle force
and joint muscle moment), and the predicted curves of
muscle behavior and graphs identified by Vicon motion
analysis system and OpenSim software were compared.
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Figure 5.

Example of the angle-time diagram of knee joint angle of
a healthy subject.

The Figure 9 shows examples of the diagrams of muscle
behavior of children with cerebral palsy identified by
OpenSim software. The Figure 10 shows examples of
the predicted diagrams (muscle force and muscle moment
contribution) by NN with the use of the input data about
measured states of knee joint angle from Vicon motion
analysis system.
It is obvious that the predicted curves of muscle behavior
(Figure 10) correspond only partially to the original
form (Figure 9) of curves of muscle behavior of children
with cerebral palsy identified by Vicon motion analysis
system and OpenSim software. It is also obvious that
the predicted curves of muscle behavior (Figure 10) are
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Figure 6.

Figure 7.

Figure 8.

Example of the angle-time diagram of knee joint of a
children with cerebral palsy.

Figure 9.

A. The diagram of normalized muscle force; B. The
diagram of normalized muscle moment of the musculus
gastrocnemius medialis of children with cerebral palsy.

A. The diagram of normalized muscle force; B. The
diagram of normalised muscle moment of the musculus
gastrocnemius medialis of a healthy subject.

A. The diagram of predicted muscle force; B. The
diagram of predicted muscle moment of the musculus
gastrocnemius medialis of a healthy subject.

similar to the diagrams of muscle behavior of healthy
subjects (Figure 3 and Figure 6). The two-sample ttests were used to verify the accuracy of prediction. Test
was performed for the normalized muscle force (identified
by OpenSim and MatLab software) of the eight healthy
subjects and predicted normalized force of the healthy
subjects. The overall success rate was 72%. Test was also
performed for the normalized muscle moment (identified
by OpenSim and MatLab software) of the eight healthy
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force or muscle moment can be compared to the
predicted states, [33]. However, a practical application
of this method would require the development of new
methodology. The method can also be used for controlling
the artificial muscles, i.e. actuators of prosthesis, or
rehabilitation facilities of the future [34, 35].

5.

Figure 10.

A. The diagram of predicted muscle force; B. The
diagram of predicted muscle moment of the musculus
gastrocnemius medialis of children with cerebral palsy.

subjects and predicted normalized moment of the healthy
subjects. The overall success rate was 63%. Results
may vary, of course, depending on the characteristics and
structure of ANN. In general, the trained ANNs prefer the
typical changes from the previous states of value of the
joint muscle moment and muscle force to the subsequent
states, and avoid the use of typical changes.

4.

Discussion

Based on the above, the method of prediction of muscle
behavior based on the ANN and the evaluation of a small
section of the angle-time diagrams of joint angle (during
walking) is suitable for predicting the muscle behavior of
healthy subjects and could help to identify the difference
between muscle behavior of healthy subjects and disabled
subjects. According to the method described here, the
predicted diagrams of muscle behavior inform us about
expected states of the muscle behavior during gait.
The joint angle-time diagrams and graphs of the behavior
of a muscle in conjunction with AI could be broadly
applicable in medicine. The predicted data can be
used for evaluating human gait in physiotherapeutic
practice [31, 32], based on a study of force or moment
diagrams. The real measured states of the muscle
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Conclusion

In the past, it was almost impossible to use complex
algorithms based on AI in the slow control systems of
artificial muscles or actuators of prosthesis, but today we
can consider applying the methods described here in the
algorithms for new control systems. There is an obvious
opportunity to continue this research, and to use these
methods to study and design new algorithms for control
systems of hydraulic or pneumatic muscle prosthesis.
Moreover, the proposed methods for identifying the muscle
behavior, which is used for training NNs, can be modified
and used in other areas of AI, such as reinforcement
learning, [36]. This work has not attempted to describe
all potential ways of applying angle-time diagrams and
graphs of the behavior of a muscle in conjunction with
AI. We have shown technique that has subsequently been
proved by the simulations in MatLab software.
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