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affected ones, leading to potential side effects including involuntary movements, confusion, and
decreased short-term memory. Currently, there is no dedicated application for differentiating
healthy muscles from abnormal ones. Existing analysis applications, designed for other purposes,
often lack essential software engineering features such as a user-friendly interface, infrastructure
independence, usability and learning ability, cloud computing capabilities, and Al-based assis-
tance. This research proposes a computer-based methodology to analyze human motion and
differentiate between healthy and unhealthy muscles. First, an IoT-based approach is proposed to
digitize human motion using smartphones instead of hardly accessible wearable sensors and
markers. The motion data is then simulated to analyze the neuromusculoskeletal system. An
agent-driven modeling method ensures the naturalness, accuracy, and interpretability of the
simulation, incorporating neuromuscular details such as Henneman'’s size principle, action po-
tentials, motor units, and biomechanical principles. The results are then provided to medical and
clinical experts to aid in differentiating between healthy and unhealthy muscles and for further
investigation. Additionally, a deep learning-based ensemble framework is proposed to assist in
the analysis of the simulation results, offering both accuracy and interpretability. A user-friendly
graphical interface enhances the application’s usability. Being fully cloud-based, the application
is infrastructure-independent and can be accessed on smartphones, PCs, and other devices
without installation. This strategy not only addresses the current challenges in treating motion
disorders but also paves the way for other clinical simulations by considering both scientific and
computational requirements.

1. Introduction

Movement is an essential factor in everybody’s life and affects diverse aspects of people. However, a significant proportion of
people are suffering from motion disorders affecting over a billion patients worldwide [1]. Thus, controlling of motion disorders is an
important field in science, technology, and clinical studies [2-4]. Motion analysis plays a vital role in detecting motion disorders and in
their subsequent treatment and control [4-6].

Motion is a complex phenomenon in the human body which originates from the contribution of three compound systems including
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neural, muscular, and skeletal known as the neuromusculoskeletal system [7]. This process begins from the neural system in which
motion commands are sent to the muscles through motor neurons [7-10]. Muscles generate a contraction force as a reaction to neural
stimulations [5-10]. The muscular force is then applied to the skeletal system which behaves as a mechanical lever and, finally,
movement happens [5,6]. Any failure in each segment of the neuromusculoskeletal system causes a motion disorder [7]. For instance,
common disorders such as multiple sclerosis (MS) or Parkinson disease are arising from of neural failures in which muscles cannot be
stimulated correctly [10-12].

Medications, including chemical drugs, are widely used to treat or control the symptoms of disorders [13-15]. Considering the
disadvantages of chemical medications and their side effects, a critical issue in treatment procedures is that while only a small pro-
portion of muscles are affected by disorders, all muscles are uniformly influenced by medications, even the muscles of the eyes
[14-17]. These adverse effects include involuntary movements, confusion, hallucinations, decreased short-term memory, blurred
vision, and muscle stiffness. Understanding these side effects is crucial for optimizing treatment strategies and improving patient
outcomes [16-18]. Consequently, it is necessary to differentiate between healthy and unhealthy muscles in the treatment of motion
disorders.

Differentiating between healthy and unhealthy muscles presents several challenges, as the failure of one muscle can significantly
alter the behavior of other healthy muscles, potentially leading to misleading conclusions [4,6]. Therefore, this research focuses on
patients in the early stages of motion disorders, where the behavior of their healthy muscles is not substantially affected by the failing
muscles. The objective of this study is to propose a computer-based method to analyze patients with non-acute motion disorders,
assisting clinical experts in distinguishing between healthy and unhealthy muscles and providing valuable insights to them for accurate
diagnosis. Therefore, using the proposed method, experts can conduct further investigations on patients to gather more detailed in-
formation, ultimately aiding in making a final decision. Although, this research lays the groundwork for automating other clinical
processes and developing more comprehensive analytical applications.

The proposed motion-analyzing application encompasses critical procedures, including the signal-capturing phase, signal-
processing phase, and result presentation to the user, each with specific requirements. In the first phase, it is essential that the
captured signals are accurate. Additionally, the signal-capturing method should be user-friendly, utilizing common devices such as
smartphones instead of hard-to-access markers. Therefore, this research proposes an IoT-based method to capture motion signals,
ensuring both accuracy and ease of use. Despite some research [19-25] that have used hardly available sensors, the proposed
IoT-based method for digitizing motion enhances system usability by requiring only smartphones. Unlike markers and insole-based
devices, smartphones are widely available globally, including in remote and underserved areas. This widespread availability signif-
icantly enhances the usability of the proposed IoT-based approach. This approach eliminates the need for additional sensors, which can
be economically expensive or unavailable in many regions.

In the second phase, it is essential that signal processing is interpretable. Therefore, this research employs a simulation-based
method to process the captured signals instead of black box-like deep learning models with ambiguous functioning. It is crucial for
the simulation to be natural, meaning that the algorithm executed within the computer must originate from natural phenomena that
are under investigation [26-30]. In the simulation of human motion, achieving naturalness in modeling requires a deep representation
of neurophysiological and biomechanical details [31-33]. For this purpose, it is recommended to use an agent-based method for
modeling and simulation to enhance the naturalness, accuracy, and interpretability of the simulation [26-29,34,35]. Consequently,
the causes of any phenomena can be precisely tracked and explained [36,37]. Thus, an agent-driven approach is adopted to model and
simulate the neuromusculoskeletal system of the patient during gait, ensuring that scientific details are accurately reflected in the
simulation.

To incorporate neurophysiological details, this research employs a motor unit (MU)-based approach to simulate human voluntary
muscles. Motor units, the smallest units of movement in the human body, consist of a single neuron and all the muscle fibers it in-
nervates [4-12]. Despite some studies such as [38-44] that model muscles as atomic, indivisible modules, this approach demonstrates
that including neurophysiological details such as MUs enhances the accuracy and interpretability of the simulation [45]. Conse-
quently, this research conducts MU-based modeling of the human neuromuscular system, enabling an in-depth analysis of both motion
and the neuromuscular system. For example, it is possible to analyze muscles by distinguishing their motor units or by examining the
action potentials (APs) sent to each MU. This level of detail is unattainable in electromyography-based simulations, as electromy-
ography signals represent an average weighted sum of numerous action potentials at a specific muscle location and are different from
the neural messages in human body [5-12,46].

In this research, the Henneman’s size principle is also considered which provides detailed information about the MU recruitment
within the muscles. This principle explains how different types of MU are stimulated to perform a motion [4-6,10,47]. Thus, if motor
units are not considered as the constituent elements of muscles, a significant portion of the details related to muscle’s physiological
behavior will be omitted from the modeling process, making it impossible to analyze movement at the level of individual MUs. In
addition to distinguishing muscles by their constituent MUs, it is required that the physiological functions within these MUs be
accurately modeled to maintain naturalness of the simulation. This requires detailed modeling of all stages of a MU’s contraction, from
receiving the neural signal to producing mechanical force which includes the pattern of increasing and decreasing contraction force,
the effect of increased neural stimulation frequency on contraction force, and the state of tetanus (when the stimulation frequency is
intense and the MU produces maximum possible force). Many muscular phenomena, such as the manner of increasing or decreasing
contraction intensity, or muscle weakening in cold environments or because of continuous activity, occur due to physiological changes
within MUs [5,6,10]. In this research, the physiological details within MUs are considered to ensure that the proposed simulation is
scientifically detailed and suitable for other research purposes.

The naturalness of the muscular modeling can also enhance the flexibility of the model. For example, some research [43,44,48-50]
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has proposed different models for different muscles, often limited by environmental conditions such as the gender of the patients.
Despite the differences between various types of voluntary muscles, they all share the same physiological structure [4-6,10].
Therefore, by employing a natural MU-based simulation, different voluntary muscles can be analyzed using a single proposed model.

The link between the neuromuscular system and motion signals is the skeleton, which functions as a complex mechanical lever [5,
6]. In the case of lower body movement during gait, which is investigated in this research, it is necessary to convert motion-captured
signals into the contraction forces of each muscle group during the gait cycle, a challenging process. This conversion requires solving a
system of mathematical equations at each time step of the gait cycle, where joints form the equations and muscle contraction forces are
the variables. Since the number of variables exceeds the number of equations in leg modeling, mathematical optimization methods are
needed to solve these systems, which can lead to inaccuracies [3,51,52]. In this research, gait is considered as a 2D movement in the
sagittal plane, significantly simplifying the biomechanical model by minimizing the need for complex geometric modeling of joints and
bones. This simplification is scheduled for further investigation in future works. Additionally, a task-based approach is followed, where
each motion task in the joints forms one equation. This results in more equations and, consequently, more accurate results.

Using an agent-driven model of the neuromusculoskeletal system, designed for reverse engineering analysis in this research, gait
can be simulated. This allows for the computation of contraction forces of MUs and the action potentials sent to each MU during the
gait. At the end of the second phase, the simulation outputs should be analyzed by experts. However, this analysis can also be per-
formed by a computer using a deep learning-based method. Deep learning, a field within artificial intelligence, is widely used in
medical signal processing research due to its ability to learn complex patterns more effectively than other machine learning methods
[53-58]. This research proposes an ensemble deep learning method composed of artificial neural networks to analyze the simulation
outputs and assist clinical experts. For this purpose, the deep learning model must be both accurate and interpretable, meaning that the
analysis procedures within the model should be as explainable as possible. Therefore, this research develops different artificial neural
network models for different joints, rather than a single complex model that processes all simulation outputs, thereby maximizing
interpretability because it is shown that ensemble neural networks with simpler inputs can promote the interpretability [59].

The final phase is another crucial step in the proposed methodology, where the results are provided to the users because software
rich in computational facilities is not valuable if users can not work with it [60-62]. Therefore, it is crucial that the analyzing
application features a user-friendly graphical interface. The software should be easy to install, learn, use, and maintain. Despite some
simulator such as OpenSim, this research proposes a fully cloud-based application, making the software infrastructure independent
and easily executable on any internet browser, whether on a PC or a smart mobile device. The proposed cloud-based approach also
eliminates the need for installation or maintenance by the users. Unlike some simulation applications that are cluttered with confusing
menus, involute windows, and buttons, this research minimizes the number of graphical components to ensure the application is
convenient to learn and use. This feature is important, especially for clinical users who are working in stressful conditions. Addi-
tionally, as cloud computing is recommended in green computing, the proposed approach offers environmental benefits.

Thus, the contribution of this study is as follows.

IoT method for motion signals capturing: A methodology is proposed in which motion signals can be captured using sensors of
mobile devices easily. This approach significantly enhances the usability of the proposed method for movement modeling
compared to methods requiring markers or wearable sensors.

Agent-driven biomechanical model of the human lower body: An agent-based model is proposed in which the muscular forces
can be calculated from angular displacements of lower body joints during a gait. Lower body joints are modeled as agents to
maintain the naturalness of the simulation.

Agent-driven model of human voluntary muscles: An agent-base model of human voluntary muscle is proposed which can be
used inside of the proposed biomechanical model. Neural stimulations of each muscle can be calculated by this model. In this paper,
neural messages are modeled as APs, and muscles are modeled as a collection of independent MUs. This approach, while main-
taining the naturalness of the modeling, enables specialists to analyze movement at the deep level of individual MUs.

Deep learning framework for signal processing: An ensemble neural network framework is proposed in order to analyze the
motion of lower body joints and detect if the gait is normal or pathological. In this paper, biomechanical, muscular, and neural
patterns during the gait are independently examined by three separate neural network models. This approach, as opposed to using a
single complex neural network with ambiguous performance, will bring greater reliability and interpretability to the results.
Design and development of user-friendly cloud-based application: An open-source application is developed that can capture
motion signals through a mobile device and analyze it. The application is infrastructure-independent as can be executed on a wide
range of computers.

Therefore, we can articulate our research questions as follows.

RQ1. Signal Capturing: Is the proposed IoT-based approach for motion signal capturing accurate? Can this method serve as a
viable alternative to markers or other wearable sensors? Can the proposed method extract the patterns accurately? Are the outputs
reliable for research or clinical investigations? Is the proposed application infrastructure independent and easy to use?

RQ2. Modeling and Simulation: Is the proposed agent-driven simulation natural? Are biomechanical and neurophysiological
details accurately reflected in the proposed modeling? Are the simulation outputs reliable for research and clinical investigations?
Can the proposed modeling approach be used to differentiate healthy muscles from abnormal muscular organs in patients with non-
acute motion disorders?
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- RQ3. Deep learning models: Are deep learning-based models utilized to analyze the simulation outputs to assist clinical experts?
Is the proposed method interpretable? Are the predictions as accurate and reliable as required for clinical use?

- RQ4. Software Requirements: Is the designed graphical interface user-friendly and easy to learn? Are all processes, including the
IoT-based signal capturing program, agent-driven simulation, and neural network calculations, executed fully on the cloud to
ensure the proposed application is infrastructure-independent and easy to run?

In Section 2, preliminaries are explained which are the basis of our proposed method. Related works are also surveyed briefly in this
section. In Section 3, our methodology for analysis of human motion during gait is detailed. In Section 4, our proposed method is
analyzed in order to investigate its precision, reliability, and interpretability. In Section 5, the discussion and our future works are
described.

2. Literature review

In this section, the preliminaries of our proposed method are described. In Section 2.1, the agent-driven method for modeling and
simulation is described. Then, the physiology and biology of the human voluntary muscles as the main motors of the motion are
described in Section 2.2. Section 2.3, describes how artificial intelligence models and software techniques can promote analyzer
applications. Finally, some related works are investigated in Section 2.4.

2.1. Agent-based modeling and simulation (ABMS)

In many modeling and simulation processes, the visual representation on the computer may closely resemble real-world phe-
nomena. However, there is often a significant disparity between the algorithms driving the simulation and the actual processes
occurring in nature [26-28]. The Agent-Based Modeling and Simulation methodology is a modern modeling approach that ensures the
naturalness, interpretability, and accuracy of the simulations [27,28]. Unlike conventional methods, agent-based simulation elements
are autonomous components known as agents and have an internal decision-making strategy. Various types of agents can be defined in
a simulation, and some can even form the structure of others. Additionally, agents interact with each other and their environment
[27-29].

Fig. 1 illustrates the difference between agent-driven and traditional methods for modeling a humanized society, with lines rep-
resenting data streams. In the real world, agents (people, as illustrated in Fig. 1) are independent and completely autonomous. They
can make decisions autonomously, using their brains, which are located within the agent’s structure. Since each component accesses
only a limited proportion of information, they require communication through various channels (such as talking in the real world) to
transfer information to one another and complement their knowledge. In contrast, traditional simulations often feature a central
decision-making component that controls all the components from outside their structure. This central system is aware of all the
necessary information, thereby minimizing or eliminating the need for data transfer between components. In the agent-driven
methodology, each agent possesses an autonomous decision-making system within its structure. Each agent can interact with other
agents and has its own knowledge base. Consequently, communication is essential for agents to transfer information and enhance their
knowledge. The decision-making components are represented by small processors in Fig. 1. The autonomy of agents enhances the
naturalness of the simulation, making it more comparable to real-world phenomena. In clinical and medical investigations, where the
interpretability of simulation phenomena is critical, an agent-driven approach is recommended [26-28,34,35].

Agent-driven Methodology Real World Traditional Methodology

ALLL
Simulator Engine

Fig. 1. Comparison between agent-driven and traditional modeling of human society.
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2.2. Physiology and biology of muscles and motor control

The motion begins from the neural system in which movement commands are sent to the muscles. The motion commands are
electrochemical interactions, known as APs, that are moved forward along the motor neurons [10,63,64]. Each motor neuron is
connected to some muscle fibers which are contracted as a reaction to the APs they receive. The complex of one motor neuron and all
the muscle fibers connecting to it form a motor unit, which is known as atomic elements in the motion. Muscle fibers are biological cells
that contain nuclei, mitochondria, and a number of myofibrils covered by sarcoplasmic reticulum [10,65]. When an AP is transferred
to one muscle fibers, a chemical interactions happen which turn the chemical energy of Adenosine Triphosphate (ATP) into mechanical
energy [5,6,10,63]. Finally, a physical contraction force is generated and applied to the skeletal system which behaves as a complex
mechanical lever [5,6]. Thus, the overall system which controls the motion is neuromusculoskeletal system.

2.3. Artificial intelligence and software requirements

Machine learning is a subfield of artificial intelligence that computers extract knowledge from data [53,55]. Artificial Neural
Networks (ANNs) are a subfield of machine learning models that are implemented based on the learning process inside the human
brain. ANNs are computationally powerful as they are able to realize complex patterns in compound data [56-58,66,67]. Thus, they
are widely used in medical and clinical applications to assist physicians in order to simplify the medical processes, enhance accuracy,
and reduce costs [68-71]. ANNs are layered networks of perceptrons which map the input data to the output results. In this archi-
tecture, the perceptron is a mathematical model of a single human neuron and plays the main role in the learning of the models [56,57,
671.

By increasing the number of perceptrons, the network can realize more complex patterns from data. Thus, this field of computing is
also referred to as deep learning [57,58]. However, the computations of ANNs with a huge number of parameters are hard to be
explained or interpreted [36,72-76]. Nevertheless, the challenge can be remedied by providing interpretable methods in which
ensemble ANN models are developed instead of one compound and ambiguous model [59,72]. In an ensemble model, multiple ANNs
are used, each focusing on one aspect of the phenomenon. Following this method, not only interpretability is enhanced, but also the
risk of noise detection is minimized as all the ANN models learn equal patterns while learning different noises. This feature is known as
cross-training [77,78].

While ANNSs are very powerful and advantageous in learning compound patterns, they are complex concepts in computer science
and cannot be used by inexpert people. Thus, software engineering techniques are used to cover the complexity of computations and
make intelligent applications transparent and useable for users. As a result, it is important that artificial intelligence software be
equipped to a user-friendly graphical interface [60-62,79,80].

To develop a user-friendly graphical interface, several factors should be considered. It is important to minimize the number of
graphical components, such as menus, buttons, and windows, as they can be confusing for users. Additionally, advanced settings
related to networking, sensors, and calculations should be managed automatically to facilitate procedures and increase transparency. It
is also recommended to use conceptual images instead of complex texts or diagrams, as they are easier to understand.

The Internet of Things (IoT) is a software technique where various devices, particularly intelligent mobiles rich in sensors, connect
to form a powerful computing system with enhanced capabilities. By utilizing the sensors connected to the IoT system, the network can
obtain accurate environmental signals. Additionally, since intelligent mobiles are widespread globally, it is feasible to implement an
IoT-based system even in regions with minimal facilities, such as some rural areas.

In addition to the user-friendly interface, modern applications should be infrastructure-independent so that they can be easily
executed on a wide range of computers, with no difference between a PC or mobile device, and without any compound installation
procedure. Therefore, cloud-based applications are getting popular nowadays as they provide infrastructure-independent computa-
tions and are also available, and economically effective [81-85]. IoT is another software technology which can promote the power of
applications. Mobile devices are significantly considered in IoT methods owing to their precise sensors and computing powers [81].
Hence, applications can be more useful, available, and cost-effective if they connect to mobile devices and use their functionalities
[81-87]. We have utilized IoT and cloud computing to enable users to employ the proposed methodology from any location. Unlike
wearable sensors, which may not be available even in some metropolises such as Isfahan or Tehran, our proposed IoT method for
motion signal capturing is accessible worldwide, including in rural areas with minimal technological infrastructure. The fully
cloud-based platform allows users to execute our application without the need for installation, regardless of their hardware or software
configurations. Consequently, even residents of rural areas can access our advanced analysis application using a smartphone.

2.4. Related works

The simulation of human muscles and motion analysis of motion represents a captivating area of study and research. Within this
section, we conduct a brief comparative analysis of related studies, examining their limitations from simulation, artificial intelligence,
and software engineering points of view. Our comparison is detailed in Table 1.

OpenSim and AnyBody are powerful tools built for the investigation of the biomechanical behavior of human motion. They enable
experts to analyze different muscles within different motions [19-21]. However, the software engineering requirements such as
user-friendly interface or infrastructure-independency are not considered in those works making them challenging for users.

A cloud-based method is proposed by Ref. [22] to analyze and monitor the patient’s motions in which neural networks are utilized.
Nevertheless, as a subset of signal processing operations are executed in the local computer, the method is not fully cloud-based and, as



Table 1
Comparison of the human motion analysis methods, assuming full satisfactory by v, partial satisfactory by FOAS8, and failing to satisfactory by x .
Metrics [19] [21] [22] [23] [24] [25] [38] [39] [40] [41] [42] [43] [44]
Differentiation between healthy and unhealthy muscles X X X X X X X X X X X X X
Natural Modeling and Simulation Agent-driven method for modeling X X X X X X X X X X X X X
AP-based simulation of neuromuscular system X X X X X X X X X X X X X
Physiological simulation of the muscle v x x x x x x x FOA8 X FOA8 x FOA8
Ability to simulate muscular environmental conditions v v X X X X X X X X X X
Flexibility of the model FOA8 FOA8 X X X X X X X v v X X
Software Requirements User-friendly graphical interface x x x x X x v x x X X x x
Cloud-based platform X X FOA8 X X X X X X X X X X
Hardware and software infrastructure independency X X X X X X X X X X X X X
IoT-based approach X X X X X X FOA8 X X X X X X
Artificial Intelligence Pathological gait detection FOA8 X v v v v X X X X X X X
Interpretability of the method X X X X X X FOA8 X X X X FOA8 X
Cross-training learning X X X X X X X X x X X x X
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a consequence, not infrastructure-independent.

Machine learning models are proposed by Refs. [23-25] in which motion signals are captured from insole-based methods or
mounted accelerometers and then, abnormal movements are detected. Nevertheless, the models are not interpretable as physiological
and biological aspects of motion are not considered. Also, the signal analysis is conducted using a complex machine learning model,
where the mapping of input signals to output results remains ambiguous. Research has demonstrated that dividing a complex problem
into smaller subproblems and developing specialized neural networks for each subproblem significantly enhances the interpretability
of the entire artificial intelligence process. This approach allows for more explainable models, as each neural network can be tailored to
address specific aspects of the problem, thereby improving overall transparency and understanding [59,88]. Additionally, signal
capturing could be facilitated by an IoT-based approach.

An application is proposed by Ref. [38] in order to detect motor impairment severity in patients suffering from Parkinson’s disease.
Data collection is done by the screen of mobile. However, the method is restricted to be used only on iPhone mobiles. The machine
learning models are not interpretable. Other artificial intelligence methods for the analysis of the gait are proposed by Refs. [39,40]
that are limited in the classification of gait phases. There is no proposed abnormality detection in these methods. In addition, data are
received through insoles or electrogoniometers which are not accessible devices in many regions.

From a flexibility point of view, the models proposed by Refs. [41,42] can be used for a wide range of muscles and animals.
However, interpretability is not considered as the biology of the neuromuscular system is not modeled. EMG signals are analyzed in
proposed methods by Refs. [43,44]. Although, the algorithms are not natural as APs are the real neural stimulations inside the human
body which are far from what can be seen in electromyograms [8,46]. Therefore, they have used signal processing techniques for EMG
signals which breaches the principle of naturalness of the modeling. The methods are also restricted to analyzing the motions of only a
single joint. The Naturalness of simulation also enables modelers to simulate environmental conditions such as temperature or ge-
netics. This is because the effect of these factors is justified by their influence on the biological features of the muscles [5,6,10].

3. Methodology

In this section, our methodology for gait analysis is detailed. An overview of the proposed method is demonstrated in Fig. 2. Motion
signals are first captured by sensors of mobile devices (Step 1). Then, muscular forces are calculated (Step 2). Then, the APs entered
into each MU can be computed by the muscle agents (Step 3). Finally, simulation results are analyzed by deep-learning models (Step 4)
and displayed to the users by a user-friendly interface (Step 5).

Section 3.1 details the motion signals capturing method. The agent-driven biomechanical model of the human lower body is
described in Section 3.2. The agent-based model of human voluntary muscle is explained in Section 3.3 as well as deep learning
methods for analysis of results that are detailed in Section 3.4.

3.1. Proposed IoT-based method to capture the motion signals

Due to the complexity, expensiveness, and not availability of wearable sensors, an IoT method is proposed in this study to capture
human motion. Mobile devices contain a 3D compass that can detect the orientation of the device on the ground by providing three
values for the angles of the device relative to the three axes of rotation. The compass is sensitive to small motions of the device and is
widely used in applications such as games, traveling, astronomy, artificial reality, and augmented reality.

In this study, a web-based application is developed which can connect to the 3D compass of the mobile and capture the motions
during gait. Since the program is cloud-based, it is infrastructure-independent and can be executed on any type of smartphone. The

Motion Signal Capturing Deep Learning Analysis Graphical Interface

Agent-driven Modeling and Simulation

Fig. 2. Overview of the proposed methodology for gait analysis.
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application also provides a user-friendly graphical interface which can be even used by inexpert users. Thus, a step-by-step process is
designed in which a short clip is presented to the user at each step, demonstrating how to perform specific actions (e.g., how and where
to attach the smartphones for each joint). This strategy minimizes user confusion and, consequently, enhances the software’s ease of
learning and use.

First, the patient is instructed to attach the mobile devices to specific positions on their body. This task is explained to the user
during three steps for hip, knee, and ankle joints. The placement of these devices is crucial, as certain positions can yield more accurate
data. For instance, the lower anterior position of the leg (just above the ankle joint) is ideal for capturing motion signals from the leg.
This location minimizes noise from soft tissues such as muscles and skin due to its proximity to the bone. Once the devices are attached,
the patient is required to stand in the anatomical position in the fourth step. Anatomical position is a especial style of standing with the
back and hands against a straight wall. This step allows the system to update its initial state and align itself with the patient’s
anatomical position. By accurately determining the patient’s body position at the start of the gait and capturing the orientations of the
mobile devices, it is possible to calculate the position of each body part and, consequently, the angles of the lower body joints during
gait. Following this setup, the patient is asked to walk for about seven steps in the fifth step to capture the motion signals. This step
includes playing a warning sound to inform the patient to start walking, and another warning sound to notify them to stop.

To facilitate the digitization of the patient’s motion, all smartphones are attached to his body simultaneously, and he is then asked
to walk only once. Since the smartphones are lightweight, the gait will not be significantly affected. The parallel design of the IoT
system which is demonstrated in Fig. 3 ensures that these signals are seamlessly merged and integrated. Our findings indicate that
delays between the mobile devices and the cloud server are negligible, as the delays tend to be consistent across all devices due to their
equal geographic distance from the server computer. Additionally, since data are sent to the cloud server, the simulation can be
continued on any computer that can connect to the user’s cloud account.

Following the capturing phase, the raw data during the walking is processed. The raw data is a matrix of angles during the
movement. First, noisy values in the matrix are detected and removed. Then, a mathematical regression model is used to summarize all
the steps into a single gait cycle. For this purpose, the data from all the passed steps are divided into individual steps. This can be
achieved by identifying the maximum and minimum values or by using a predefined angle threshold. Subsequently, the angle values
from all the steps are plotted on a time-based diagram. A regression model is then employed to summarize the data from all the steps
and to derive an equation that describes the angular changes of the organ during gait. Additionally, some features such as minimum
and maximum angle values, number of steps, stance/swing time proportion, speed, and time per step are calculated which are valuable
in subsequent analysis. The output of each regression model which is a matrix that represents the angles of the lower body joints during
the gait cycle, is used for the agent-driven simulation of the motion. In addition, feature extraction output provides additional and
valuable information for further deep learning analysis. The process is illustrated in Fig. 4.

3.2. Proposed agent-driven biomechanical model of lower body

To accurately analyze human motion throughout a gait cycle, it is essential to employ a biomechanical model in order to convert
angular displacements of the joints into muscular contraction forces. Thus, this section proposes an agent-driven biomechanical model
for the lower body, governed by the proposed Boots algorithm. Fig. 5 presents our innovative agent-driven model of the human lower
body. Muscle agents that are assembled in this model are described in Section 3.3.

The proposed agent-driven model for the human lower body encompasses three joint agents and six muscle group agents: the
Triceps Surae, Tibialis Anterior, Hamstrings, Quadriceps, Gluteus Maximus, and Iliopsoas. These are considered as the ankle dorsi-
flexor, ankle plantar flexor, both knee flexor and hip extensor, both knee extensor and hip flexor, hip extensor, and hip flexor,
respectively. The Triceps Surae also functions as a knee flexor in some cases, as it crosses the knee joint. However, in this research, the
gait cycle is investigated for a patient with non-acute motion disorder, where the knee joint remains straightened during gait.
Consequently, while the angle between the Triceps Surae muscle and the foot is vertical, maximizing its effective torque, the angle

Server

Fig. 3. Mobiles attached to the lower body of a patient.
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Fig. 5. Our proposed agent-driven biomechanical model for lower body.

Fig. 6. Influence of Triceps Surae muscle on the ankle joint compared to the knee joint.
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between the muscle and the hip bone is approximately zero, minimizing its effective torque. Thus, in this paper, the Triceps Surae is
considered only as an ankle dorsiflexor. This case is illustrated in Fig. 6 in which the Triceps Surae and bones are represented by red
and yellow lines, respectively. This assumption simplifies the biomechanical model by reducing the number of equations in the
optimization system, resulting in more accurate outcomes. To investigate the influence of the Triceps Surae muscle on the knee joint,
the patient can be asked to perform additional exercises beyond a single gait cycle. For example, flexing the knee while sitting on a
chair can be easily analyzed using a simple linear equation system, without the need for optimization methods.

In the proposed model, gait is considered as a 2D movement occurring in the sagittal plane. This assumption significantly simplifies
the biomechanical model by eliminating the need for 3D geometric modeling of the lower body joints, calculation of torques caused by
ligaments, and the complexity of a 3D biomechanical model of the human lower body skeleton. Our findings indicate that although
most gait abnormalities lead to three-dimensional motion, some of them can still be effectively detected when the motion is reduced to
a two-dimensional space. This conversion significantly simplifies the biomechanical calculations without eliminating the informative
data necessary for detection.

Additionally, the intelligent motor control of the body by the neural system, which optimizes energy consumption, is considered in
converting captured motion signals to contraction forces. For instance, when the body intends to flex the knee without hip extension,
the quadriceps muscle (a knee flexor) will not be activated, as it would counteract the effect of the hamstrings muscle (the primary
knee flexor). The same principle applies to knee extension without hip flexion. This consideration leads to a task-based analysis of the
muscular system during gait, where each motion task is defined by an equation and the number of equations rises. Consequently, the
system of equations can be solved more easily and with greater accuracy.

To accurately characterize the biomechanical behavior of our agent-based model, we introduce the Boots algorithm. The anno-

Table 2
Definition of annotations in the Boots algorithm.
Feature Equation Derivative Details
Statement
Mass M©) Mbody) Mass of the patient
Mfeet) 0.0145 xM®ed) [5]
M) 0.0465 xMbo®) [5]
Mthigh) 0.100 xM®od) [5]
Weight Wg)) Mgﬂkl&) The felt weight in the ankle joint.
M;nee) The felt weight in the knee joint.
Mgip) The felt weight in the hip joint.
Length L©) L(feet) Distance from ankle joint to toe.
L(eg) Distance from ankle to knee.
L(thigh) Distance from knee to hip joint.
Moment of Inertia 100 J(ankle) MUfeed) 5 0.622 x LUee)? [5]
Ikmee) M) x 0.5282 x L097 [5]
1chigh) MUt 5 0.5402 x Ligh? [5]
Angular a? o (ankle) d &2
Acceleration ® ® A =0 T g@ o() [5]
A A?
a = 30 = 1@ 00 18]
i (P) (toe) . (horizon)
Grm;nd Reaction Fgmmd(t) Fgmund(t) Computable using d(budycm,em)
orce
(heel) ankle) (toe)
Forouna(t) Mz) = Fyrouna ()
Angle (0) (feet) The horizontal angles for the lines connecting the ankle to the toe, the ankle to the knee, and the
s Oy (0) Ot () & g
) (leg) knee to the hip joints, respectively.
Omy (&)
high
o
HE% ) (t) HE{ZBU () The vertical angles for the lines connecting the ankle to the toe, the ankle to the knee, and the knee
(leg) to the hip joints, respectively.
Oy (©
high
AU
Distance dEI’:I/VIJ, ) ® dgl)d conres )(O The horizontal distance between mass centre of the body and toe of the feet.
s Py odyCentre.toe
dE;I)d conreniny () The horizontal distance between mass centre of the body and hip joint.
odyCentrehip)
dp,, py) d(ankie toc) The distance from ankle to toe.
heet ankle) The distance from heel to ankle.
d(ankie feetCentre) The direct distance from mass centre of the feet to the ankle.
d(ankie knee) The distance from knee to ankle.
dknee legCentre) The distance from the centre of the leg and knee.
) (ankle) (ankl (ankle)
Torque 7 T Jlankle) aly
TEI:Jnee) Jlknee) 5 azlt()nee)
(hip) (hip) (hip)
) I X gy

10
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tations for the algorithm are provided in Table 2 in which O, J, t, H, V, and P represent organ and joint of interest, the current time,
horizontal or vertical direction, and an anatomic point, respectively. Annotations listed in Table 2 can be defined as variables or matrix
during the development of the application. For example, each annotation that varies over time can be defined as an array of values
representing a matrix.

To facilitate the measurement of annotations by the user, this research requires only four annotations to be measured: L¢¢t), 1,(8),
L) and the mass of the patient (M%), To maintain the accuracy of the analysis, the user measures these four features through a
step-by-step process. In each step, a short clip (less than 30 s) is presented to the user, explaining how to measure the feature (e.g., L
that needs to be measured from one special point on the ankle to another special point on the knee). The user then measures the feature
and enters the value before proceeding to the next step. This strategy is necessary due to specific requirements for the annotations. For
instance, L") must be delineated by measuring two predefined anatomical positions on the body. Other annotations can be measured
automatically using biomechanical equations. For example, Wff)"ee) can be calculated at each time step using the proposed agent-driven

biomechanical model, as all the dependent features can be calculated.

Ground reaction force, a crucial factor in our biomechanical model, depends on the phase of the gait cycle and the mass center of
the body. During the stance phase, when one foot is on the ground and the other leg is in the swing phase, the ground reaction force
corresponds to the reaction of the ground to the patient’s body weight, making it relatively straightforward to calculate. Conversely,
during the swing phase, when the leg is not in contact with the ground, the ground reaction force is zero. However, during the
transition phases between stance and swing, when one leg is being placed on the ground and the other foot is lifting off, calculating the
exact value of the ground reaction force becomes challenging [5,6]. In this research, biomechanical model is used to calculate the
ground reaction force during the gait. However, we use approximate values for these transition phases to avoid the need for advanced
sensors that are not easily accessible. Because of the brief duration of these transitions, the use of approximate values does not
compromise the overall accuracy of the simulation. Our findings indicate that this approach does not alter the patterns that need to be
analyzed by experts. More details for calculating the ground reaction force is provided in Section 3.2.1.

The Boots algorithm calculates the contraction force generated by each muscle group during the gait cycle. This calculation is
achieved by determining the total torque resulting from the joint’s angular acceleration. Then, the algorithm differentiates the torque
generated by the muscle of interest from other factors, which are defined as environmental torques in this study.

Boots algorithm (Algorithm 1) is the key functionality of joint agents, which takes three inputs: the agent of the joint in question,
the agent of the muscle group whose contraction force is being calculated, and the environmental torques present at each step of the
gait cycle, represented as a 2D array. Environmental torques encompass all torques caused by forces other than those from the target
muscle group, which include the weight of body parts, ground reaction forces, and forces from non-target muscles.

Boots algorithm initiates by creating a zero-filled list (line 2). A "For’ loop then processes each gait cycle time step (lines 3-12),
calculating the joint’s total torque from its angular acceleration at that time step (line 4). The environmental torques are then deducted
to isolate the muscle’s contraction torque (lines 5-7). The algorithm concludes by computing the contraction force from the torque,
recording the outcome (lines 8-11).

Given that muscles can only contract, a negative torque value calculated in Line 10 suggests interference from other muscles.
Therefore, the contraction force for the muscle of interest is set to zero using the ReLU function.

Algorithm 1. Calculating Muscular Contraction forces using mechanical torques.

Boots Algorithm ( Joint, MuscleOfInterest, EnvironmentalTorques [ ] [] )

1 Input: Agent of Joint, Agent of muscle group of interest, and list of all the
environmental torques.
Output: Diagram of contraction force generated by group muscle of interest.

Begin
2 Results = Array with zero values.
3 For time in Gait Cycle Diagram

Begin

4 TotalTorque = 18))
5 For i from 0 to EnvironmentalTorques| t ].length( )
6 TotalTorque — = EnvironmentalTorques [ t] [i]
7 6 = the angle between MuscleOfInterest contraction force and the bone.
8 Dist = The distance between Joint and the ligament of the

MuscleOfInterest.
o ContForce = RCLU(Tio.taleTque )

Dist x Sin(6)

10 Results [ time ] = ContForce
11 End
12 Return Results
13 End

Gastrocnemius Algorithm (Algorithm 2) describes how the Boots algorithm can be applied to the ankle joint agent to calculate
contraction forces of the gastrocnemius muscle. The primary function of the gastrocnemius muscle is to support body weight in the
ankle and facilitate the body’s forward acceleration. Thus, the torque from the ground reaction force—reflecting the body weight in the

11
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feet— (Lines 2-4), and the torque caused by the weight of the feet (Line 5) are considered as environmental torques. Finally, the
contraction force is calculated using the Boots algorithm (Line 6). In this study, array concatenation is performed using the Concat’
function.

Algorithm 2. Calculating Gastrocnemius contraction forces during the gait.

Gastrocnemius Algorithm(Ankle Joint)
Input: Agent of the ankle joint.
Output: Diagram of physical force generated by the group muscle of gastrocnemius.

1 Begin

2 Torquesl = F;zi]" G) XdEI:rzkle,toe) X Sin(é‘g{f)ﬂ](t))

3 Torques2 = ngﬁd(t) xdgfgel_mkm X Sin(ggﬁfl)(t))

4 EnTorquesl = Torquesl — Torques2

5 EnTorques2 = —Me®) x 9.8 X d(ankte feetCentre) X Sint (Hgm)(t))
6

Return BootsAlgorithm | AnkleAgent, GastrocnemiusMuscleAgent, Concat EnTorquesl,
EnTorques2

7 End

oung(time) can be determined by analyzing how the center mass of the entire body is maintained throughout the gait

The value of Fgﬂe)
cycle. The contraction force generated by the quadriceps muscle agent can be calculated as shown in Quadriceps Algorithm (Algorithm
2). The quadriceps has two tasks: Negating the body weight in the knee joint and holding the position of the body (lines 2-3), and
holding the body position at the back and hip joint (lines 4-5). In each case, environmental torques are defined based on biomechanical

tasks of the muscle. By considering these tasks, the contraction force of the muscle can be calculated.

Algorithm 3. Calculating Quadriceps contraction forces during the gait.

Quadriceps Algorithm(Knee Joint, Hip Joint)
Input: Agents of the knee and hip joint.
Output: Diagram of physical force generated by the group muscle of quadriceps(Quads).

1 Begin

2 EnTorques] = M;"klc) % dknee.ankle) % sm(azl‘jf)(t))

3 KneeForces = BootsAlgorithm ( AnkleAgent, QuadsMuscleAgent, EnTorques1 )
hip) (H)

4 EnTorques2 = Wﬁr;p X dipodycentre i) (£)

5 HipForces = BootsAlgorithm ( AnkleAgent, QuadsMuscleAgent, EnTorques2 )

6 Return (KneeForces + HipForces)

7 End

Gluteus Algorithm (Algorithm 4) outlines the calculation of the contraction force of the gluteus maximus muscle in the hip joint
agent. The principal function of the gluteus maximus is hip extension. Therefore, it is necessary to account for the torques resulting
from the ground reaction force at the feet (Line 2) and the weight of the leg from the hip to the toes (Line 3). Furthermore, the torques
generated by the hamstrings and quadriceps muscles are also considered (Lines 4-5), due to their impact on the hip joint. By
considering these torques as environmental, the contraction force of the muscle can be calculated using the Boots algorithm (Line 6).

The muscular agents for the Tibialis Anterior, Hamstrings, and Iliopsoas have tasks similar to those of the Gastrocnemius,
Quadriceps, and Gluteus Maximus, respectively. Therefore, their behaviors can be modeled using the proposed strategy. For instance,
for the tibialis anterior muscle, the variables EnTorquel and EnTorque2 should be considered with opposite signs as defined in Al-
gorithm 2. As another example, for the hamstrings muscle, the Quadriceps Algorithm can be used by defining the variables in different
orientations.

Algorithm 4. Calculating Gluteus Maximus contraction forces during the gait.

Gluteus Algorithm(Knee Joint, Hip Joint)
Input: Agents of the hip and knee joint.
Output: Diagram of physical force generated by the group muscle of gluteus maximus.

1 Begin

2 EnTorquesl = Wﬁi‘fp) x (LUe8) 4 L(high)) 5 Sin((ﬂ%@m(t))

3 EnTorques2 = (Mt 1 MU®) + M0 5 dpy, it eqcenirey X Sin(ﬁg’;gh)(t))

4 EnTorques3 = + Hamstrings Contraction Forces (Knee Joint, Hip Joint) x L& x Sin(5°)
5 EnTorques4 = — Gastrocnemius Contraction Forces (Ankle Joint ) x L% x Sin(5°)

(continued on next page)
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(continued)

Gluteus Algorithm(Knee Joint, Hip Joint)
Input: Agents of the hip and knee joint.
Output: Diagram of physical force generated by the group muscle of gluteus maximus.

6 EnTorquesl,
EnTorques2,
EnTorques3,
EnTorques4

Return BootsAlgorithm | AnkleAgent, GastrocnemiusMuscleAgent, Concat

7 End

Utilizing the Boots algorithm and the proposed agent-driven biomechanical model, the kinematics of motion can be used to
ascertain the tension forces exerted by the lower body’s muscle groups. Then, an agent-based model of muscles needs to be assembled
in the biomechanical model in order to calculate the muscular neural stimulation (APs) from muscular contraction forces. Thus, the
agents of muscles are detailed in Section 3.3.

3.2.1. Calculation of ground force reaction
In this study, an agent-driven model to facilitate the biomechanical calculations of the lower body throughout the gait cycle is

proposed. Despite the comprehensive description, computing the value of ground force reaction during the gait (Fggund

(t)) can pose
challenges. However, this can be computed by considering the phase of the gait cycle and angular values of the lower body joints. Using
the angular values of the lower body joints, the position of the upper body relative to the feet can be calculated. Consequently, the
(horizon)

horizontal distance between the toes and the body’s center of mass ( d(bodyCeme‘we)

(time) ) can be determined during gait using the

biomechanical model. This metric can then be utilized to calculate the ground reaction force during gait.

Algorithm 5 details the calculation of the ground force reaction during the gait cycle. Initially, it is necessary to verify whether both
the heel and toe are in contact with the ground (Line 2). If the horizontal position of the mass center of the body is anterior to the toe,
the entire body weight is transferred to the ground via the toe (Lines 3-4). Conversely, if the body mass center’s horizontal position is
posterior to the heel, the body weight is transferred to the ground through the heel (Lines 5-6). When the body’s center of mass is
situated between the heel and toe, both points bear the weight, albeit in varying proportions (Lines 7-9). If only one point is in contact
with the ground, then all the weight impacting the ankle is distributed through that point (Lines 10-14).

Algorithm 5. Calculating Ground force reaction during the gait.

Ground Force Reaction(Ankle Joint)
Input: The angular displacements of the ankle joint.
Output: The value of Ground Force Reaction at the location of toe of the feet.

1 Begin
2 IF (75 < 0% (time) < +e) then
= Ylhorizon) =
3 IF position of body mass centre is at the anterior of the toe then
4 Return Wéa)”kle)
t
5 Else IF position of body mass centre is at the posterior of the organ then
6 Return 0
7 Else
8 (horizon) (time)
(bodyCentre,toe) ankle)
Return ( — horzon) % W<(t> )
(heel.toe)
9 End IF
10 e IR (0, (tme)< — ¢ )
1 Return ng"kle)
12 Else
13 Return 0
14 End IF
15 End

3.3. Proposed agent-driven model of human voluntary muscles

In this section, our proposed agent-based model for human voluntary muscle is delineated. The architecture of our model is
meticulously crafted to mirror the biological and physiological intricacies of muscular structure. The model enables us to convert the
contraction forces of MUs to the neural stimuli (APs) for further analysis. Fig. 7 depicts the proposed agent-based model for human
voluntary muscle.

In this study, each muscle is investigated as an agent. Each muscle agent comprises two inner agents: active and passive agents. The
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Fig. 7. The proposed agent-based model of the muscle.

active agent, composed of MU agents, acts in response to nervous stimuli, namely APs. The number of MU agents within the active
agent is determined by the muscle category. For instance, muscles in the lower body have a greater number of MUs compared to facial
muscles.

A formula is introduced by Ref. [5] to elucidate the force generated by a single MU receiving a solitary stimulus or AP. The formula
is delineated in Equation (1), where Fy represents a constant value that depends on the muscle category, T denotes the time interval
from the stimulation to the peak tension of the MU, which depends on the MU type and environmental conditions, and t signifies the
time.

Fumer (6)=For, ) &)

Equation (1) is derived from the chemical interactions within muscle fibers, which are universally equal across all types of voluntary
muscles. Consequently, this equation enables the modeling of contractions for any MU under various environmental conditions. For
instance, factors such as ambient temperature or muscular fatigue can affect the variable T in Equation (1), thereby altering
contraction dynamics.

MU contractions range from 10 ms to 100 ms. However, Equation (1) suggests that a standard MU in the lower body muscles may
sustain contraction for over 600 ms following a single stimulus. To address this discrepancy, we have formulated a new equation
presented as Equation (2). This equation offers a refined analysis of MU behavior when receiving a singular AP. The parameters Fy, T,
and t retain their definitions from Equation (1).

t ()
Fsinglesa'muli (t) = FOT. t T (2)

Equation (2) quantifies the tension force generated by a MU in response to a single AP. If subsequent stimuli are applied before the
muscle has fully relaxed the cycle of calcium ion release within the myofibrils is initiated again. Due to the incomplete obliteration of
calcium ions from the previous stimulus, an accumulation occurs within the myofibril, enhancing the interaction between actin and
myosin filaments and thereby intensifying the contraction. This effect, termed wave summation, is articulated in Equation (3), with ¢
signifying the current time.

qulu’Stimuli (t) = Z Fsinglesrimuli (t - t}) (3)
for all stimuli occured in t;

Elevating the frequency of stimulation does not invariably lead to an increase in tension force. The additional influx of calcium ions
becomes ineffective when all actin and myosin filaments within a MU are fully interacting. This state, termed tetanus, is formulated in
Equation (4), where MUygrorce denotes the maximum tension force achievable by an MU of its specific type. Thus, the dynamics of
Motor Unit agents shown in Fig. 7, can be characterized and modeled using Equation (4).

FMU(t) = Minimum(quln‘Sdmuli (t) 5 MUMuxForce ) (4)

The length of a muscle is a critical factor that significantly impacts its tension force as it expresses the proportion of interacting
actins and myosins in MUs. Equation (5) presents the relationship between muscle length and active tension force in which [ denote the
length of the muscle in relation to its relaxed state known as its resting length.

14
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0,1<0.6
41-24,06<1<08
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Riengi._force (1) = 1.0,10<1<1.2 ®)
34-2112<1<17
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Additionally, the recruitment of a greater number of MUs by the neural system intensifies muscular tension. Consequently, the
behavior of a muscle’s active agent illustrated in Fig. 7 can be modeled by Equation (6) where [ and t denote the length in relation to its
relaxed state of the muscle and current time, respectively.

Factive (t7 l) = Rlength,force (l) X Z FMU(t) (6)

all MU agents

The passive component of a muscle produces contraction force through the inherent elasticity of the muscle. The behavior of the
passive agent is formulated in Equation (7), where Fp, is a constant specific to the type of muscle. The variable [, representing the
muscle’s length, is a relative variable that expresses the length of the muscle in relation to its relaxed state.

Fpassive (1) = Maximum{ Fpo e —1,0 } @

The force produced by a muscle is the cumulative result of its active and passive components. Consequently, Equation (8) delineates
the functioning of a muscle agent. In this equation, the variables t and [ retain the definitions provided in Equations (6) and (7).

quxcle (17 t) = FActive(L t) + FPaxxive(l) (8)

The agent-driven model has been meticulously established and derived through the physiological behavior of the muscle. Our
approach, which is known as deductive reasoning, is a robust mathematical method where new insights are systematically deduced
from established laws and verified facts. Consequently, the simulation outcomes predicated on this model boast a high degree of
interpretability and reliability. The muscle agents can be attached to the joint agents described in Section 3.2 and, as a consequence,
motion can be naturally simulated.

3.3.1. Translating total muscular contraction forces to motor unit-specific outputs

In this paper, we presented a biomechanical model of the lower body using an agent-based approach, where each joint is repre-
sented as an agent. Additionally, the neuromuscular system is modeled through an agent-driven method, with each muscle and its MUs
simulated as individual agents. This approach allows for the simulation of body organs with distinct agents, mirroring the natural
processes within the human body. Consequently, this method enhances the naturalness, interpretability, and accuracy of the
simulation.

The proposed models are intended for use in a reverse engineering investigation, where motion signals are converted into neural
stimulation of MUs. Initially, motion signals are captured using the proposed IoT-based method. These signals are then processed
through the proposed agent-based biomechanical model to calculate the contraction forces of lower-body muscle groups. Finally, the
proposed agent-driven model of human muscles is employed to determine the action potentials sent to each MU during motion.
However, the linkage between skeletal joint agents and muscle group agents requires further investigation. This section details this
linkage to maintain the naturalness and accuracy of the simulation.

To link skeletal joint agents to muscular agents, Henneman’s size principle must be considered. This principle describes the
recruitment order of MUs to move a joint, starting with smaller slow-twitch MUs and progressing to larger faster-twitch MUs as needed.
This recruitment order aims to minimizing the recruited MUs in order to optimize energy consumption within the body. Accordingly,
four different MU types are defined in this paper: very fast-twitch, fast-twitch, slow-twitch, and very slow-twitch MUs. Table 3 details
the modeled MU categories. During muscle contraction, these MUs are recruited in the specified order to achieve efficient and effective
movement.

To implement the reverse engineering method using the proposed agent-driven muscle agents, we first need to apply the
contraction forces calculated by the Boots Algorithm to Equation (8). In this equation, the passive force (Fpgssive(l)) depends solely on
the muscle’s length, making the active force (Facsve(I,t)) the only variable that needs to be solved. Consequently, by utilizing Equations
(7) and (6), the problem can be simplified to a MU recruitment problem. This is because relationships such as those in Equation (7) and
the length-force relationship (Riength_force (1)) depend only on the muscle length, which is known at each time step of the simulation. To
address the MU recruitment problem while considering Henneman'’s size principle, we propose an MU Recruitment Algorithm as is
detailed in Algorithm 6.

Table 3

Details of different categories of modeled MUs.
Category Value of Fy Value of T Behavior of MU
Type 1 0.1 25 Very Fast, Minimally Durable Contraction
Type 2 0.1 50 Fast, Moderately Durable Contraction
Type 3 0.1 75 Slow, Durable Contraction
Type 4 0.1 100 Very Slow, Highly Durable Contraction
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Algorithm 6. Proposed algorithm to solve MU recruitment problem in each muscle.

MU Recruitment Algorithm
Input: Contraction force of one muscle group in a specific time step.
Output: Number of action potentials sent to each MU category of the muscle

group.
1 Begin

2 Results [] ={0,0,0,0};

3 TotalForce = Facve(L,t) ;

4 Forifrom4to1l

5 MU, = Total force that can be generate by the MU with type i ;
6 While ( TotalForce —MUsyce ) is greater or equal than 0.0 do

7 TotalForce— = MUsorce

8 Results [i]+ +;

9 End While

10 End For

11 Return Results ;

12 End

The MU Recruitment Algorithm aims to solve Equation (6) by considering Henneman’s size principle to determine how action
potentials are sent to different MUs within a time step of the simulation. Initially, an array with four elements, each initialized to zero,

is created (Line 2). The active force (Zan MU agemFMU(t)> is then calculated using Equations (7) and (8) (Line 3). The process of

determining how different MUs are recruited by the neural system begins next. The algorithm starts by evaluating the larger MUs to
determine how many of each type can be activated (Line 4). It is important to note that the for loop begins with the larger MUs because,
in scenarios where the contraction force of many smaller MUs equals the contraction force of fewer larger MUs, the neural system
prefers to activate the larger MUs. This approach aligns with Henneman’s principle, which aims to minimize the number of recruited
MUs, thereby optimizing energy consumption and maximizing overall efficiency. The force that can be generated by one MU within a
time step is calculated by computing the integral of Equation (2) over the time step (Line 5). Since as many MUs of the specified type as
possible are activated, the While loop calculates the action potentials sent to each type of MU (Lines 6-9). After each MU is activated,
its generated contraction force is subtracted from the total contraction force (Line 7), and the recruitment is recorded in the results
(Line 8). By considering different types of MUs, the recruitment pattern is determined, and the results are returned (Lines 9-11).

By executing the MU Recruitment Algorithm at each time step of the simulation, the number of action potentials, which represent
the neural stimuli sent to the muscle agents, can be calculated. Consequently, the neural activity of each muscle agent, the contraction
forces, and the captured motion signals can be provided to clinical experts for further investigation and decision-making regarding
patient care. Additionally, this research proposes an interpretable deep learning-based method to analyze the simulation’s results in
order to assist experts in their medical processes.

3.4. Proposed ensemble ANN framework for joint-based disorder detection

In this study, a motion analysis method is proposed in order to differentiate between healthy and unhealthy muscles in a patient.
We propose a deep learning method to investigate the output of the agent-driven simulations in each joint. Thus, neuromuscular
activity around each joint can be analyzed independently. In this study, three neural networks are trained to analyze the motion in
three phases. First, the raw data captured by the IoT method is used to make an initial decision. Also, extracted features such as
maximum or minimum angles during the motion are provided to the neural network. Then, using the agent-driven biomechanical
model of the lower body, muscular activities are analyzed in the second phase. The neural stimulations of each muscle agent are also
calculated using the proposed muscle model and are used in the third phase of pathology detection.

The proposed detection scenario is illustrated in Fig. 8. As can be seen, each aspect of the motion (appearance, biomechanical, and

Ensemble Artificial Neural Network Framework
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Fig. 8. Proposed ensemble neural network framework for disorder detection.
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neural aspects) is investigated by an independent model. Finally, using an averaging method, the probability of healthy or unhealthy
motion in each joint is calculated. The method can be repeatedly applied to different joints so that healthy and unhealthy muscles can
be differentiated.

The input of each neural network is a matrix including 20 floating point values containing the angles, muscular force generation,
and neural stimulations during a gait cycle. As the data is complex, neural networks are used to be trained as they can understand
compound patterns from the data.

In this study, a 6 layers architecture is delineated for the ANNs. The number of perceptrons in the layers are 160, 160, 160, 100, 80,
and 50 respectively. Relu is considered as the activation function for the perceptrons. A person-based cross-validation method is
utilized to evaluate the networks in which the test data from each person is not previously seen by the network. Our findings, which are
presented in Section 4, show that the proposed method to analyze the motion is reliable.

4. Analysis

Our methodology includes IoT-based motion signal capturing, followed by agent-based simulation of lower body joints and
muscles. The outputs of the simulation are then analyzed using an interpretable ensemble neural network framework to assist the
clinical experts in their initial diagnosis. In this study, we aim to respond to the research questions highlighted in Section 1. In this
section, we analyze our research questions to determine whether they have been satisfactorily addressed. These questions are
investigated in Sections 4.1 through 4.4, respectively.

4.1. IoT-based signal capturing approach

In this research, we proposed an IoT-based method for capturing motion signals from patients. Unlike marker or insole-based
methods that require specialized and hardly available sensors, the proposed method is easy to use due to the widespread accessi-
bility of smartphones. Thus, the proposed IoT approach enhances the usability of the signal-capturing method. In this section, the IoT-
based approach is evaluated to determine its accuracy and reliability. To this end, 62 participants were asked to attach markers as well
as smart mobiles to the special positions, and then they were asked to walk normally. Finally, the values that represented the angles of
the lower body joints achieved by markers were compared to those obtained via smartphones. The differences were found to be zero or
negligible which shows the reliability of the proposed method.

It is important to note that diagrams of angles of the body joints can vary from step to step and from person to person, as gait can be
influenced by many factors, including fatigue, age, gender, and even stress. Therefore, experts focus on angular patterns rather than
exact values at each time point [51]. Consequently, the patterns obtained by the proposed IoT-based method from 100 normal gaits
were compared with patterns from other research. The differences were negligible. Fig. 9 illustrates these comparisons, where the
yellow, red, and blue diagrams represent the minimum, maximum, and average values at each time step from 100 cases investigated in
this paper. The green diagram represents the average values reported in other research which is approximately aligned with the blue
diagrams [89]. These comparisons demonstrate that the proposed [oT-based method is not only globally accessible and easy to use but
also accurate, making its results suitable for analysis and further research or medical investigations.

From the perspectives of availability and infrastructure independence, it is crucial that the proposed method be easy to execute on
any type of smartphone, regardless of its software or hardware infrastructure. Therefore, our IoT-based application is developed on
cloud-based software and is tested on mobiles with different hardware and software platforms. The application was successfully
executed on Sony, Samsung, Xiaomi, and iPhone devices with both iOS and Android operating systems. Table 4 details our execution
experiments. These experiments demonstrate that the proposed method is infrastructure-independent, as it is entirely developed on the
cloud. Additionally, the software is programmed using an interpreting-based language rather than compile-based languages. Conse-
quently, the program can be easily executed without any installation process on any modern smartphone.

In addition, we used our IoT application to classify each phase of the gait cycle for our captured instances as detailed in Table 5.
Compared to existing research, our proposed methodology stands out for its enhanced interpretability and consequent accuracy im-
provements. For instance, while studies [39,40] have relied on data-driven machine learning models that entail substantial compu-
tational overhead and complexity, our study leverages a novel IoT application to precisely capture the angles of lower body joints. This
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Fig. 9. Comparison of angular diagrams for hip (a), knee (b), and ankle (c) joints.

17



S. Saadati et al. Heliyon 11 (2025) e42119

Table 4
Infrastructure details of smartphones used in the signal capturing experiment.
Experiment Manufacturer Brand Name Operating Processor
System
1 Sony Xperia XAl ultra Android MediaTek Helio P20
2 Samsung Galaxy A54 5G Android Exynos 1380
3 Xiaomi Redmi Note 11 S Android MediaTek Helio G96
4 Apple iPhone 16Pro Max i0S A18 Pro
Table 5
Comparison of accuracy for different gait phase classifiers.
Method [39] [40] Proposed IoT Method
Accuracy 99.9 90.6 100.0

direct measurement allows for straightforward classification of gait phases by calculating the feet’s position. Our empirical results
demonstrate a significant reduction in computational load while achieving superior accuracy, making our approach not only more
interpretable but also more efficient and practical for real-world applications.

4.2. Agent-driven simulation of neuromusculoskeletal system

An agent-driven modeling method is proposed in this paper to simulate the human Neuromusculoskeletal system during the gait
cycle. In this section, the reliability of the results obtained from the simulation process is evaluated. Since many common movement
disorders, such as MS or Parkinson’s, are caused by neural system disorders, calculating neuromuscular performance in these in-
dividuals is essential. To this end, a normal gait is simulated based on the proposed modeling method in which the muscular
contraction forces are initially calculated based on the proposed agent-based biomechanical model. Then, using the proposed agent-
driven muscle model, the neuromuscular activities of lower-body muscle groups are calculated. This process implements the second
and third modeling stages shown in Fig. 2. Finally, the results obtained from the proposed method are compared with other researches.

There are two methods for measuring neuromuscular activity, generally. The first method, known as inverse dynamics or reverse
engineering, involves calculating the patterns of muscle contractions based on kinetic characteristics such as angular changes in joints
using principles of biomechanics. A common approach is to define one equation for each joint and one variable for each muscle group
[5,6]. In modeling the gait of lower limb muscles, three joints, and six or seven muscle groups are assumed. As a result, the defined
system of equations is unsolvable. In this case, mathematical optimization methods are used to calculate the variables and contraction
forces by the muscles. The proposed method in this paper employs a reverse engineering approach aimed at minimizing errors
associated with mathematical optimization solutions. However, this method has the advantage of being non-invasive and painless.

The second method, known as electromyography, is an invasive and painful technique in which electrodes are directly inserted into
the muscles to measure all electrochemical changes occurring at the electrode site. Since the electrodes in this method are directly
inserted into the muscles, this method is more accurate compared to the first method [46]. However, electromyography signals cannot
be differentiated based on the different MUs or the number of action potentials. In this section, we focus on the neuromuscular activity
of lower-body muscle groups to evaluate the reliability of the proposed agent-driven model of the neuromusculoskeletal system. The
output of the proposed simulation is the number of action potentials sent to different MU agents during gait, providing a deeper
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analysis than electromyography signals. Thus, the total number of action potentials sent to all MUs within a muscle agent is summed
and considered as a direct measure of the intensity of neuromuscular activity in a muscle group. The results are then compared with
other research, including electromyography signals and inverse dynamics as is illustrated in Fig. 10, where the graphs display the
neuromuscular activity of muscle groups during a normal gait. The blue, green, and red graphs represent the results obtained from the
proposed method in this paper, electromyography, and inverse dynamics methods, respectively.

Fig. 10’s horizontal axis depicts a single gait cycle’s stages: initiating with foot placement for the stance phase, lifting off at the
cycle’s midpoint to end the stance, and then foot placement again to commence the next cycle. The comparison demonstrated in Fig. 10
shows that our proposed simulations for Tibialis anterior, Hamstrings, Quadriceps, and Gluteus Maximus muscles, are more reliable
than other inverse dynamics methods as the results for our simulations have more overlapping with electromyography signals than
other inverse dynamic methods.

By comparing the results obtained from the proposed method with other methods, it can be observed that the proposed method is
reliable. For the gastrocnemius muscle, the proposed method shows 4 % more overlap with electromyography results compared to
other inverse dynamics methods. This value is calculated to be 9 %, 61 %, 20 %, and 37 % for the tibialis anterior, hamstrings,
quadriceps, and gluteus maximus muscle groups, respectively. Meanwhile, the differences between the results of the proposed method
and electromyography for the gastrocnemius, tibialis anterior, hamstrings, quadriceps, and gluteus maximus muscle groups are only 2
%, 2 %, 5 %, 9 %, and 20 %, respectively. Since the iliopsoas muscle is a deep muscle, the electrode must be inserted deep into the
muscle, which is very painful. Therefore, electromyography results for this muscle are not reported in some studies. Thus, the results
for this muscle in the proposed method are only compared with other inverse dynamics methods. As a result, the comparison dem-
onstrates the reliability of the results obtained from the proposed method. In this comparison, electromyography signals are reported
by Ref. [90], while inverse dynamic signals are reported by Refs. [51,91].

The superiority of the proposed method over other inverse dynamics methods stems from the fact that, in this study, biomechanical
equations are defined not only for each joint but also for each muscular objective. For example, one of the objectives of the hamstrings
muscle is to maintain the upright posture of the body at the waist. Consequently, by calculating the body’s center of mass relative to the
pelvis, the contraction of the hamstrings to counteract this can be calculated during specific phases of the gait. This phenomenon has
not been considered in some studies, resulting in significant differences for the hamstrings and quadriceps muscles between the
proposed method and other inverse dynamics methods.

It is important to note that action potentials are inherently different from electromyography signals. Action potentials are single
electrochemical pulses sent to various organs, including muscles, carrying specific messages. They can be likened to bits in modern
computers. In contrast, electromyography signals are obtained by placing an electrode inside the muscles (intramuscular electro-
myography) or on the skin (surface electromyography). The electrode detects all the electromagnetic changes generated by the
accumulation of action potentials at that location. Thus, electromyography signals can measure the intensity of neuromuscular activity
at a specific position. However, it is not possible to differentiate between different MUs or individual action potentials using elec-
tromyography. Additionally, since the electrode detects all electromagnetic features, it is susceptible to noise, such as action potentials
from distant muscles [5-7].

The proposed agent-driven simulation in this paper enables researchers to conduct a deeper analysis of motion, differentiate be-
tween various MUs, and investigate how action potentials are transmitted to the muscles. Since electromyography signals are a result
of action potentials, the proposed method also allows experts to use the simulation results to assess the intensity of neuromuscular
activity. Therefore, in this section, the results of the proposed methodology are compared with electromyography signals to evaluate
neuromuscular activity. The comparison demonstrates that the proposed method is reliable, providing more detailed information
compared to other reverse dynamic methods, without losing any informative data compared to electromyography.

As mentioned in Section 2, the naturalness of the algorithms inside the simulations is a key purpose of agent-based modeling and
simulation methodology. This feature enhances the interpretability, accuracy, and reliability of the simulation. Despite other re-
searches that assumed electromyography signals as the neural stimulation of the muscles, in this study we simulated action potentials
as the real neural stimulations. Considering action potentials and MUs in the modeling of the human body demonstrates that the
executed simulation in this research closely mimics the processes occurring within our bodies, thereby enhancing the naturalness of
the simulation.

The proposed agent-based model of human voluntary muscle is grounded in the neurophysiological structure of muscle fibers and
MUs. Consequently, this method can model the effects of environmental conditions such as temperature or fatigue. Additionally, since
all voluntary muscles share the same physiological and biological structure, the proposed agent-based model can be used to simulate a
wide range of muscles. Therefore, we believe that our proposed agent-based model accurately reflects the physiological and biological
structure of muscles and is also flexible.

The same applies to our proposed biomechanical model of the lower body, where each joint is modeled as an agent based on
mechanical principles. The proposed agent-driven biomechanical model is flexible, allowing for the modeling of physical changes in
patients. Our comprehensive agent-driven model of the lower body includes both joint agents and muscle agents, mirroring the
composition of muscular and skeletal components in the human body. Consequently, our agent-driven model is natural, and the al-
gorithm within our simulation behaves in a manner consistent with our neuromusculoskeletal system.

Since our primary motivation in this research is to analyze different muscles to distinguish between healthy and abnormal muscles,
we have also evaluated the effectiveness of the proposed approach in achieving muscle differentiation. To this end, we captured the
motion of a male patient suffering from foot drop using the proposed IoT-based methodology. Foot drop is a motion disorder char-
acterized by the weakening of the Tibialis Anterior muscle, preventing proper contraction. This disorder can be observed in patients
with muscular dystrophy, amyotrophic lateral sclerosis, Charcot-Marie-Tooth disease, stroke, Parkinson’s disease, polio, and other
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motion disorders [92-94]. As a result, the patient is unable to control his toes, and the ankle cannot perform dorsiflexion effectively.
The captured signals from the patient were then used to simulate his gait using the proposed agent-based approach. Our findings
indicate that the proposed method is reliable for differentiating between healthy and unhealthy muscles.

In this experiment, which has been conducted under medical supervision, the simulation results showed that the Tibialis Anterior
muscle in the patient was unhealthy due to the considerable changes compared to normal gait results as shown in Fig. 11. However,
other muscles were healthy as there were no significant changes in their results. This experiment shows that our proposed method for
healthy and unhealthy muscles differentiation is reliable as the results were confirmed by clinical experts. In Fig. 11, neural stimulation
of the muscle during a gait cycle is simulated in which the vertical axis represents the number of action potentials, and the horizontal
axis shows the elapsed time of the gait cycle beginning from the stance phase.

The changes observed in the Tibialis Anterior muscle were not limited to neural stimulations; these changes also included captured
signals obtained through the IoT-based method and the output of the biomechanical model, which represents muscle force patterns. All
these observations indicated a disorder in the Tibialis Anterior muscle. Since no significant changes were observed in other joints and
muscle groups, it was concluded that the other muscles in that patient were healthy. As this research was conducted under the su-
pervision of clinical specialists, the results were also confirmed by clinical specialists, indicating the reliability of the proposed method
for distinguishing between healthy and unhealthy muscles. In many cases, muscle differentiation offers significant medical benefits for
patients. Medications often have long-term harmful effects on the body, as they influence all tissues when dissolved in the blood. By
distinguishing between healthy and unhealthy muscles, treatment can be focused on abnormal muscles, thereby minimizing or even
eliminating the negative effects of medication on healthy tissues.

4.3. Deep learning approach for analyzing the simulation results

In this research, an agent-driven simulation method equipped with an IoT-based approach for capturing the necessary signals is
proposed. The simulation outputs can be used to investigate various aspects of the body, including skeletal, neural, and muscular
systems. Given that artificial neural networks can learn patterns within the output signals, they can serve as valuable assistants for
researchers and medical experts. Thus, in this research, they are trained to analyze the simulation outputs as illustrated in Fig. 2.
However, it is crucial that the proposed deep learning method is accurate, reliable, and interpretable. In this section, we evaluate the
proposed deep learning approach for analyzing the simulation outputs.

In this study, 6 ANN models are developed that analyze different aspects of motion during gait independently and detect intelli-
gently whether the motion is normal. A person-based cross-validation evaluation strategy is employed, ensuring that data from an
individual is seen by the networks only once—either during the training phase or the testing phase. In this evaluation, 30 volunteers
were investigated, including 24 healthy individuals and 6 patients suffering from motion disorders, such as non-acute Parkinson’s
disease. The number of gait samples per volunteer ranged from 3 to 35. Each sample includes the raw digitalized signals from vol-
unteers, the muscular contraction forces, and neuromuscular activity of the lower body muscles during a gait cycle. For each
experiment, as detailed in Table 6, data from one patient was included in the test set, while the remaining test data were from healthy
volunteers. The experiments were repeated 5 times to assess whether the proposed neural network could successfully detect abnor-
malities in the patient’s signals. The proposed method successfully identified the patient by detecting abnormalities in the motion of
the joint of interest. Additionally, the reliability of the proposed neural network model was enhanced using an ensemble framework.
The experiments are detailed in Table 6 in which for each joint, motion signals from the proposed IoT-based method, muscular
contraction forces, and neuromuscular activities are processed in experimentl, 2, and 3, respectively. In the experiment 1, some
features such as minimum and maximum angle values, duration of one gait, and rate of gaits per time are also provided to the neural
network.

In this study, different ANN models are designed to analyze one joint motion. As each model concentrates on only one aspect of the
motion, we believe that the interpretability of the proposed joint-based method is enhanced compared to other researches. For
designing the architecture of the ANN models, a trial and test scenario is pursued. The same scenario is followed in Ref. [88] in which
one feature is analyzed in each step and the case with the highest accuracy is selected to be checked in further tests. In this scenario,

(a) (b)

Fig. 11. Comparison between results of gait simulation for healthy (a) and unhealthy (b) tibialis anterior muscle.
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Table 6
Accuracy of ANN models for joint-based normal/abnormal motion detection.
Evaluation Entered Signals to Neural Network Models Average
Tests Accuracy
Joint of K-Fold Experiment 1 (Joint Angles and Experiment 2 (Contraction Experiment 3 (Neuromuscular
interest Cross summarized Force) activities)
Validation features)
Hip Joint K-1 96.12 100 92.78 96.42 96.48
K-2 98.45 98.76 93.05
K-3 97.89 97.85 95.34
K-4 99.34 96.54 94.56
K-5 97.10 98.46 90.12
Knee Joint K-1 95.12 99.87 95.67 96.53
K-2 96.34 100 92.34
K-3 97.56 99.76 96.45
K-4 94.78 99.03 90.89
K-5 95.85 99.55 94.75

different numbers of hidden layers are investigated in the first step from one to ten hidden layers. Then, for the best case, different
numbers of perceptrons are investigated for each layer in the second step. This step was time-consuming as the number of needed tests
for a network with 6 hidden layers is 6 x 20 and the discrepancy between the number of perceptrons for each continuous step is
considered as 10. Finally, 4 mathematical functions are investigated as the activation function of the networks including ReLu, Tanh,
identity, and logistic. Fig. 12 details our methodology for architectural design in which the accuracy is defined as the proportion of
correct predictions made by the machine learning model to the total number of cases evaluated.

Despite other deep learning methods that contain a big ambiguous neural network in which different aspects of the motion are
analyzed, in this study for each joint in the lower body, an ensemble neural network framework is proposed in which different in-
dependent networks investigate different aspects of the motion including the appearance, muscular forces, and neural stimulations.
This strategy is also equivalent to what a physician does to detect a motion disorder. Therefore, we believe that the proposed deep
learning method supports the interpretability. Using an ensemble neural network framework not only promotes the interpretability of
the system but also enhances the accuracy and reliability of the system. As mentioned in Section 2.3, in this architecture, different
networks tend to learn the same patterns while learning different noises. Thus, in a system containing multiple networks for each
detection, noises are eliminated.

4.4. Software requirements engineering

In this paper, software is developed that captures motion signals and simulates motion to facilitate scientific and medical in-
vestigations. While it is crucial that the algorithms executed in a computer simulator are reliable, this does not diminish the importance
of other user-related software requirements. An application rich in computational capabilities is of little value if users cannot effec-
tively interact with it. Therefore, it is essential that simulation applications have a user-friendly graphical interface, making them easy
to learn, use, and maintain.

Initially, the installation phase of an application poses significant challenges for users, consuming considerable time, energy, and
memory resources. This research introduces a novel, fully cloud-based application that eliminates the need for installation. The
proposed solution ensures infrastructure independence by processing computations in the cloud and utilizing interpreted languages for
the graphical user interface, rather than compiler-based languages. Consequently, the application operates successfully across diverse
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Fig. 12. Accuracy promotion of ANN models for the hip joint (a) and knee joint (b).
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hardware and software platforms, as detailed in Table 7.

In this study, running the proposed web-based application was evaluated on computers with different hardware and software
infrastructures. Contrasting with the approach outlined in Ref. [22], where a cloud-based platform application is developed with local
processing, our proposed application is entirely cloud-based. This design ensures that all computational tasks are offloaded to the
cloud, fostering an infrastructure-independent software that is globally accessible. Moreover, this approach aligns with the principles
of green computing, as it leverages the cloud’s potential for energy efficiency and reduced environmental impact.

While the elimination of the software installation phase significantly enhances usability, it remains crucial to design a user-friendly
graphical interface. A User-friendly graphical interface facilitates the learning of the software. For instance, while OpenSim is a well-
known tool for musculoskeletal modeling and simulation, some users have reported challenges with its graphical user interface. These
challenges include the steep learning curve for new users and the need for improvements in user-friendliness and visualization ca-
pabilities [95]. Despite the OpenSim which contains a high number of windows, buttons, menus, and other interface components
making it complex to use, our proposed application includes a surprisingly smaller number of three buttons in a single simple window
which promotes the usability of the software.

Some screenshots of the proposed application are demonstrated in Fig. 13. As can be seen, the user can capture his motion signals
by clicking a button on the application (Fig. 13a) and then, be informed whether his motion in the joint of interest is normal or
abnormal (Fig. 13b and 13c), and also simulate his own captured motion on his mobile (or another computer connected to his cloud
account) by a 3D animation (Fig. 13d). The application can also be executed on desktop computers as illustrated in Fig. 13e. For
inexpert users, the application is easy to use as the user can start working by only clicking a button and the results from the proposed
neural network framework are displayed in an easy-to-understand graphical interface. The interface is powerful as even an inexpert
user can learn and use it easily.

For novice users, the processes are designed to be completed step by step. In each step, a short clip is presented to the user,
explaining the required actions (e.g., how to position the smartphone on the body during the initial phases of motion signal capture or
measuring the anatomical features). These clips are concise and clear to prevent user fatigue or confusion. Following the clip, only one
task is assigned to the user (e.g., entering the length of one leg). This strategy helps avoid user fatigue, confusion, or stress. Addi-
tionally, the number of steps is minimized to enhance usability. This design makes the proposed application user-friendly, easy to
learn, and easy to use.

The simplicity of the graphical user interface of the proposed tool stems from minimizing the number of interactive graphical
elements, such as buttons. This feature allows users to quickly learn how to use the tool. The 3D animation display of the user’s
simulated movement, generated using their movement signals, along with simple and self-explanatory images, and the absence of
overwhelming graphical components like texts and windows, facilitate the software’s learning process. This design reduces or elim-
inates the need to refer to software documentation or manuals.

The importance of this feature can be examined from the perspectives of both specialist and non-specialist users. For specialists
working in clinical settings, it is essential to consider the stress and psychological pressure they face, which can unintentionally reduce
their accuracy. Therefore, the user interface should be as simple as possible to fill this gap. For non-specialist users, a simple user
interface increases the tool’s accessibility to the public. Consequently, non-specialists can use the proposed method to analyze their

Table 7
Hardware and software infrastructures for executing the proposed cloud-based simulation.
Experiment Computer Type Manufacturer Operating System Processor
1 Smartphone Sony Android MediaTek Helio P20
Samsung Android Exynos 1380
Xiaomi Android MediaTek Helio G96
Apple ioS A18 Pro
2 Desktop Dell Microsoft Windows XP Intel Core i5
Microsoft Windows 8.2
Microsoft Windows 10
Microsoft Windows XP Intel Core i7
Microsoft Windows 8
Microsoft Windows 10
Ubuntu Intel Core i7
Lenovo Microsoft Windows 8 Intel Core i7
Microsoft Windows 10
Ubuntu
HP Microsoft Windows 8 Intel Core i7
Microsoft Windows 10
Ubuntu
3 Laptop Acer Microsoft Windows 8 Intel Core i7
Microsoft Windows 10
Ubuntu
Lenovo Microsoft Windows 8 Intel
Microsoft Windows 10 Core i7
4 Tablet Asus Android Intel Atom X3
Lenovo Android Qualcomm Snapdragon
5 Smart TV LG webOS Alpha 9 AI processor
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Fig. 13. Graphical Interface of the proposed web-based application.

movements at minimal cost. This approach enhances individual health awareness in society, enabling those with disorders to identify
and manage them more quickly.

To assess whether the proposed strategy enhances the usability and learning of the application, a statistical experiment was
conducted. In this experiment, two groups of users were asked to simulate their own gait. The first group was asked to use OpenSim as
the simulator, while the second group used the proposed agent-driven application. The first group consisted of 2 PhD students, 5
Master’s students, and 10 Bachelor’s students. The second group comprised 17 high school students. Both groups were given 24 h and
were free to use any resources, such as videos, books, or help from friends. Additionally, a small guide clip was provided to the second
group. Ultimately, all high school students successfully measured their own motion signals and simulated their gaits resulting in their
movement displayed in the 3D animation-based framework of the proposed application. In contrast, none of the members of the first
group succeeded in their task. This experiment highlights the user-friendly, easy-to-learn, and easy-to-use features of the proposed
application. Even after changing the tasks of the groups, no participant was able to successfully simulate their gait using OpenSim.
While advanced computational facilities are essential, software that cannot be easily used by its users loses its value and worth. User-
friendliness is a critical factor that determines the practical utility and overall success of any software application.

Table 8 compares the proposed simulation methodology with OpenSim, a biomechanical simulator, focusing on software re-
quirements. Unlike OpenSim, the proposed simulator is user-friendly and can be easily learned by even inexperienced users. While a
graphical interface is crucial in software design, infrastructure independence is equally important. Thus, the proposed simulation can
be executed as a web-based application without any installation procedures, making it compatible with smartphones, PCs, tablets, and
even smart TVs. This feature significantly enhances the usability of the simulation application.

The proposed simulation application utilizes cloud computing for its computations, offering several advantages. It eliminates the
need for extensive memory usage on the host computer, preventing the user’s computer from being burdened with large files and data.
Also, cloud-based computations enable the simulation to be used on computers with limited processing power. Additionally, by
aggregating computations on cloud resources, overall computing energy consumption is minimized, contributing to environmental
sustainability. The concept of green computing mentioned in Table 8 refers to designing computations to limit their harmful ecological
impact. Furthermore, the proposed application ensures transparency by providing only the necessary information to the user. All
configurations, such as network settings, are managed automatically to enhance user experience. Unlike OpenSim, which requires
expensive and hard-to-access markers, the proposed method relies solely on globally available smartphones. The application guides
users through a step-by-step strategy, eliminating the need for additional guidebooks, videos, or lengthy documentation. This approach
significantly improves the learning curve of the proposed simulator.

Table 8
Comparison the proposed simulator and OpenSim regarding software requirements.
Requirement OpenSim Proposed Simulator
User-friendly graphical interface X v
Infrastructure independence X v
Need for installation v X
Memory Consumption 1GB Memory-Free
Cloud-based facilities X v
Attention to green computing x 4

Need for configuration (Application Transparency)
Need for equipment
Need for additional documents (learning ability)

Needs user intervention
Markers
v

Automatically managed.
Smartphones
x
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5. Conclusion

In this paper, an agent-based methodology is proposed to simulate human motion for the analysis of neuromuscular activities.
Additionally, an IoT-based approach is also proposed to digitalize human motion and neural networks are also employed to analyze the
simulation results, thereby assisting clinical experts. The entire methodology is developed as a fully cloud-based application featuring a
user-friendly graphical interface. In Section 5.1, we discuss the advantages of the proposed method. Section 5.2 addresses the limi-
tations and potential approaches to mitigate them. Finally, Section 5.3 provides the conclusion.

5.1. Advantages of the proposed methodology

In this section, the advantages of the proposed methodology are outlined as follows:

Interpretability: Naturalness and interpretability are two primary benefits of the proposed method. Unlike neural network-based
methods, which often overlook the neurophysiological and biomechanical details governing the human body, this research employs an
agent-driven approach to ensure the naturalness, accuracy, interpretability, and reliability of the simulation. The proposed simulation
enables researchers and medical experts to analyze various aspects, including the behaviors of motor neurons, motor units, action
potentials, Henneman’s size principle, classifications of motor units (such as slow-twitch and fast-twitch categories), and biome-
chanical metrics such as torques, forces, and angular velocities.

Availability: The IoT-based method eliminates the need for wearable sensors such as markers. Consequently, wherever smart-
phones are available, an advanced laboratory can be established using the proposed method. Additionally, the cloud-based platform of
the proposed simulation ensures infrastructure independence. Thus, the application can be executed on various devices, including PCs,
laptops, smartphones, and tablets. Since the computations are offloaded to cloud resources, the simulation can be conducted even on
computers with limited processing power.

Learning ability and Usability: The proposed methodology enhances the learning ability and usability of the application. As the
application is cloud-based, there is no need for installation and maintenance. A step-by-step strategy is proposed to guide the user and
prevent confusion. The number of steps, buttons, menus, and windows is minimized, significantly reducing the time and effort required
from the user. This, in turn, promotes the learning ability and usability of the application. The simulation results are presented in user-
friendly diagrams for medical experts. Additionally, a deep learning-based method is proposed to analyze the simulation outputs and
assist the experts, thereby accelerating their analysis and further enhancing the usability of the proposed approach.

5.2. Limitations and future works

In this paper, a methodology is proposed to analyze human motion in patients with non-acute motion disorders, aiming to
differentiate between healthy and unhealthy muscles. To achieve this objective, we consider both scientific and technical aspects.
Scientifically, we focus on the naturalness of simulations, incorporating neuromuscular and biomechanical details. Technically, we
emphasize usability and user-friendliness of the graphical interface, leveraging cloud-based and IoT-based facilities to enhance us-
ability and interpretability of Al-based methods. Additionally, we ensure infrastructure independence to facilitate software usability.
In the evaluation section, we demonstrate the reliability of the proposed methodology, showing that the results are as informative, if
not more so, than those of similar methods. In this section, the challenges and limitations are presented along with the proposed
solutions for each limitation.

Movements Diversity: In this paper, we focus on gait as a crucial exercise that clinical experts use for the initial diagnosis of
motion disorders. However, in the clinical centers, patients are asked to perform additional exercises, such as climbing stairs, knee
flexion and extension while sitting, pushing their straightened arms to check for tremors, and ankle flexion or extension while lying
down. These exercises provide more information for clinical experts to make a precise diagnosis of the motion disorder and, conse-
quently, suggest the appropriate treatment. Additionally, patients are asked about the problems they experience in their daily
movements. In this study, we specifically investigated gait, an important and necessary step, to propose a computer-based application
to assist clinical experts. The proposed method provides important clues to medical experts. However, the proposed strategy can be
extended to other exercises, as it ensures both the naturalness of the simulation and meets software requirements. Further research on
other exercises is planned for future work.

Automation of Diagnosis and Treatment: After investigating the diverse movements of patients, clinical experts provide
treatment based on their diagnoses. The diagnosis of disorders can be automated using machine learning models such as artificial
neural networks, decision trees, and support vector machines to assist clinical experts. However, since diagnosis is critical for patient
health, it is vital that Al-based methods are interpretable. Additionally, this system can be equipped with a drug-suggestion appli-
cation, which is useful for patients living in underserved regions with limited clinical facilities. Developing a digital medic-based
system that suggests movements as sports therapy can also be beneficial. It is necessary that the drug and treatment suggestion sys-
tem be interpretable and highly reliable. The disorder detection system and the drug suggestion system are scheduled for investigation
in our future work. These systems can utilize the results of the proposed agent-driven simulation to conduct a deep analysis of the
patient and their movements.

Biomechanical Modeling: In this research, an agent-driven biomechanical model is proposed to investigate the mechanical as-
pects of the human body. The biomechanical modeling of the human skeletal system is simplified by examining gait as a 2D movement,
which facilitates mechanical calculations. While analyzing 3D gait presents significant challenges, it is scheduled for future investi-
gation. For this purpose, it is beneficial to examine the geometry of joints, such as the knee and ankle, considering details like ligaments
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and friction between bones in the joints. Additionally, the vibration characteristics of bones and their geometry must be modeled. An
upper body biomechanical model is also necessary to simulate the influence of the upper body on the lower body. These geometric
details should be incorporated into the biomechanical framework. Thus, the biomechanical model can be extended for multiple DoF
scenarios. Furthermore, investigating simpler exercises, such as single joint flexion and extension, can enhance the accuracy of
biomechanical calculations.

Computing Infrastructure: The purpose of the proposed methodology in this paper is to provide a computer-based approach to
assist medical and clinical experts in their diagnostic procedures. To enhance the system’s usability, a cloud-based application is
proposed. Since the simulation computations are processed by cloud-based resources, the application can be executed on computers
with limited capabilities. However, for research purposes, modelers may need to run simulations on their own computers to recon-
figure certain aspects of the simulation. Given that an agent-driven approach is proposed, the agents are autonomous and their
execution is simultaneous. Therefore, the simulation can be performed on a parallel computing platform. Thus, distributed computing
and clustering can be employed to improve the performance and speed of the simulation. However, parallel execution presents some
challenges, such as synchronizing the agents and managing network traffic between computing nodes. Additionally, despite the
widespread availability of fast Internet connections globally, there are still regions where Internet access is unavailable. To address this
limitation, a localized application should be developed that utilizes the resources of the host computer, thereby eliminating the need
for Internet access. These challenges are scheduled for investigation in our future work.

Data Collection: In this paper, an ensemble deep learning-based method is presented to detect abnormal motions in various lower
body joints, aimed at analyzing simulation outputs and assisting clinical experts. The neural network models were trained using data
from healthy volunteers and patients with Parkinson’s disease, who exhibited motion abnormalities in their lower body joints.
Incorporating data from a larger pool of patients can further enhance the proposed method, necessitating additional patient data.
Furthermore, more diverse motions are needed to provide detailed insights into different muscular tissues. Investigating simpler
motions, rather than focusing solely on gait, could also improve the accuracy and interpretability of the neural network models.
Consequently, more data from patients with diverse disorders are required. Collecting this additional data is scheduled for our future
work.

5.3. Discussion

In this study, we present a method to analyze human motion, differentiating between healthy and unhealthy muscles in patients
with non-acute motion disorders. To facilitate the motion signal capturing process, we introduce an IoT-based methodology that
utilizes smart mobile devices to digitize human motion. Subsequently, we present an agent-driven biomechanical model of the human
lower body to simulate the gait cycle. In the third step, our proposed agent-based model of human voluntary muscles is used to
calculate the neural stimuli for each muscle group.

Our method is rich in neurophysiological and biomechanical details, providing an interpretable and natural simulation with high
accuracy and reliability. The IoT-based approach to digitize motion eliminates the need for wearable and insole-based sensors,
enhancing the availability and usability of the proposed method. The simulation is conducted on a cloud-based platform, making the
application infrastructure-independent and executable on various devices such as PCs, laptops, tablets, and smartphones without
requiring installation or maintenance. Additionally, the user-friendly graphical interface is designed to promote ease of learning and
prevent user confusion.

In conclusion, our proposed methodology addresses both the scientific aspects of simulation and software requirements. Conse-
quently, the application stands at a high level of interpretability, reliability, and usability. We hope that this methodology will pave the
way for improved clinical processes for researchers, clinicians, and patients.
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