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Abstract

The analysis of surface electromyography (sEMG) signals plays a crucial role in under-

standing and quantifying muscle activation patterns, which has numerous applications

in biomechanics, rehabilitation, and sports science. However, accurate modeling and

prediction of sEMG time series data pose significant challenges due to the inherent com-

plexities of physiological systems and the presence of inconsistencies and anomalies in

the recorded data. This study presents an integrated machine learning framework that

combines statistical anomaly detection techniques with generative adversarial networks

(GANs) to enhance the predictive capabilities of sEMG-based muscle force forecasting

models.

The first part of the study focused on detecting knee abnormalities using sEMG data from

a UCI Machine Learning Repository dataset. It included 22 adults performing walking,

leg bending, and extending tasks. Data was collected from four muscles using a Biometrics

Ltd. DataLog MWX8 and a goniometer. Preprocessing involved denoising, filtering, and

normalization. The study noted a class imbalance due to longer task completion times for

participants with knee abnormalities. To address this, three anomaly detection techniques

(Isolation Forest, k-Nearest Neighbors, and Local Outlier Factor) were employed.

Various machine learning classifiers, including LightGBM, XGBoost, Random Forest,

Extra Trees, and Decision Tree, were trained and evaluated using multiple performance

metrics. K-fold cross-validation assessed model robustness.

The ensemble technique combining anomaly detection and machine learning classifiers

showed significant improvements over previous studies. The LightGBM classifier, trained

on data processed with the Isolation Forest technique, achieved 98.5% accuracy, surpass-

ing previous best accuracies by 6-7%.

Building upon the success of the anomaly detection and classification approach, the

second part of the study focused on predictive modeling of muscle force using machine

learning approaches like artificial neural networks (ANNs). To address challenges with

time series data, the study proposed an integrated framework combining statistical outlier

detection methods with generative adversarial networks (GANs).

The framework integrates various anomaly detection techniques (Isolation Forest, K-

Nearest Neighbor, One-Class Support Vector Machine, Histogram-Based Outlier Score,

and Local Outlier Factor) to improve input data quality. TimeGAN architecture was

used to synthesize realistic time-series data, addressing data scarcity and enabling more
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personalized predictive models.

The framework was evaluated using a dataset of body movements and forces from 57

healthy individuals. Performance of prediction models like Long Short-Term Memory

(LSTM) networks, Auto-Regressive Integrated Moving Average (ARIMA), and Prophet

forecasting algorithm was compared with and without anomaly detection techniques.

Results showed that integrating anomaly detection techniques significantly enhanced mus-

cle force prediction performance. The Isolation Forest method combined with LSTM

achieved a Pearson’s Correlation Coefficient of 0.95 and a coefficient of determination

between 0.9 and 0.93, comparable to state-of-the-art approaches. This demonstrated the

benefits of integrating statistical and generative AI techniques for time series analytics

in muscle activation pattern modeling and prediction.

The proposed integrated machine learning framework has several potential applications

in the field of biomechanics, rehabilitation, and sports science. Accurate prediction of

muscle activation patterns can facilitate the development of advanced prosthetic limbs

and exoskeletons, enabling more natural and intuitive control systems. Additionally, the

framework can support athletic training by providing real-time feedback and analysis of

muscle activity, helping athletes optimize their performance and prevent injuries.

Furthermore, the study contributes to the investigation of muscle physiology by enabling

researchers to model and simulate various muscle activation scenarios, leading to a deeper

understanding of the underlying mechanisms and potential interventions for musculoskele-

tal disorders.

Keywords: sEMG signal processing; anomaly detection; TimeGAN; LSTM; ARIMA;

Prophet, iforest
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Chapter 1

Introduction

Muscle force prediction is a fundamental challenge in biomechanics, with far-reaching

implications for various fields, including sports science, rehabilitation engineering, and

computer animation. Accurate estimation of the forces generated by muscles during hu-

man movement is essential for understanding the underlying mechanisms driving biome-

chanical processes, optimizing athletic performance, designing effective rehabilitation pro-

grams, and creating realistic simulations of musculoskeletal dynamics. Applications range

from biomechanics research analyzing gait patterns and ergonomics to rehabilitation pro-

grams optimizing therapy techniques and robotics design for prosthetics and exoskele-

tons.

1.1 Background

Muscle forces are the driving forces behind human movement, generated by the con-

traction of skeletal muscles. These forces are transmitted through tendons and bones,

allowing for the production of joint moments and ultimately enabling locomotion and

interaction with the environment. Understanding and predicting muscle forces is crucial

for various applications in biomechanics, sports science, rehabilitation engineering, and

computer animation.

The force generated by a muscle is primarily determined by its physiological properties,

such as muscle fiber composition, cross-sectional area, and muscle length. The force-

length relationship describes how the force produced by a muscle varies with its length,

with the maximum force typically occurring at an optimal muscle length [1]. Additionally,

the force-velocity relationship governs how the force generated by a muscle changes with

the velocity of contraction or shortening [2].

Muscle forces are also influenced by neural activation patterns, as the central nervous

system controls the recruitment and firing rates of motor units within each muscle. Elec-

tromyography (EMG) techniques are commonly used to measure the electrical activity of

muscles, which can provide insights into muscle activation levels and assist in estimating

muscle forces [3].
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1.1.1 Human Biomechanics

The human body is a marvel of engineering, its intricate structure designed for a remark-

able range of movement. From the graceful ballet dancer to the powerful weightlifter,

every action we take is governed by the principles of biomechanics. This fascinating field

delves into the mechanics of the musculoskeletal system, analyzing how bones, muscles,

ligaments, and nerves work together to generate movement and maintain stability.

Human biomechanics is the study of the structure and function of biological systems,

particularly the human body, through the lens of mechanics. It is a multidisciplinary

field that combines principles from disciplines such as anatomy, physiology, engineering,

physics, and mathematics to understand and analyze human movement and the forces

acting on the body. (Figure 1.1)

Figure 1.1: Human Biomechanics

At its core, human biomechanics seeks to understand how the various components of the

musculoskeletal system, including bones, joints, ligaments, tendons, and muscles, interact

to produce and control movement. This knowledge is essential for a wide range of appli-

cations, including sports performance optimization, injury prevention and rehabilitation,

ergonomic design, and the development of assistive devices and prosthetics.

One of the primary focus areas in human biomechanics is the study of muscle mechanics

and muscle force generation. Muscles are the primary actuators that drive human move-

ment, and understanding how they generate force and transmit that force to the skeletal

system is crucial for analyzing and predicting motion patterns. Biomechanists use various

techniques, such as electromyography (EMG), motion capture, and computational mod-

eling, to study muscle activation patterns, force-length relationships, and force-velocity

characteristics [4].

2



Kinematics, which deals with the study of motion without considering the forces that

cause it, is another important aspect of human biomechanics. Kinematic analyses in-

volve the measurement and description of the positions, velocities, accelerations, and

other kinematic parameters of body segments during movement. This information is es-

sential for understanding the coordination and control of human movement, as well as

for identifying potential risk factors for injuries or movement dysfunctions [5].

Kinetics, on the other hand, focuses on the study of forces and their effects on motion.

Biomechanists use force platforms, motion capture systems, and computational models

to measure and analyze the various forces acting on the body during different activities,

such as ground reaction forces, joint reaction forces, and muscle forces. This information

is crucial for understanding the loads and stresses experienced by the musculoskeletal

system and for designing interventions or devices to mitigate these loads [6].

Human biomechanics also plays a vital role in sports science and performance optimiza-

tion. By analyzing the biomechanics of specific sports movements, such as throwing,

jumping, or running, researchers can identify optimal techniques and strategies for max-

imizing performance and minimizing the risk of injury. This knowledge can be used

to develop training programs, design specialized equipment, and provide biomechanical

feedback to athletes and coaches [7].

In the field of rehabilitation engineering, human biomechanics is essential for the design

and development of assistive devices, such as prosthetics, orthotics, and exoskeletons. By

understanding the biomechanical principles of human movement and the specific needs of

individuals with disabilities or impairments, engineers can create devices that effectively

restore or enhance functional mobility and independence [8].

Ergonomics, the study of human-machine interactions and the design of workplace en-

vironments, also heavily relies on principles of human biomechanics. Ergonomists use

biomechanical analyses to evaluate the physical demands of various tasks and worksta-

tions, with the goal of optimizing workplace design and minimizing the risk of muscu-

loskeletal disorders and injuries [9].

In addition to its practical applications, human biomechanics also contributes to our

fundamental understanding of human physiology and the evolution of human movement

patterns. By studying the biomechanics of various activities, such as walking, running,

or climbing, researchers can gain insights into the adaptations and trade-offs that have

shaped the human musculoskeletal system over evolutionary timescales [10].

Biomechanics doesn’t exist in isolation; it draws heavily from various disciplines to un-

derstand the human body in motion. Here’s a breakdown of the key players:

3



• Anatomy: This branch of biology provides a detailed blueprint of the human body,

focusing on the structure and arrangement of bones, muscles, ligaments, tendons,

and other components. Biomechanists use this knowledge to understand the lever

systems formed by bones and joints, and how muscles interact with them to produce

movement [11].

• Physiology: This science explores the function of the human body’s systems,

including the nervous system and the musculoskeletal system. By understanding

how muscles are activated through nerve impulses and how forces are transmitted

through bones and joints, biomechanists can explain the mechanics behind specific

movements [12].

• Mechanics: This fundamental science provides the basic principles of how forces,

motion, and energy interact with the body. Biomechanists apply these principles

to analyze the forces generated by muscles, the effects of gravity on the body, and

the resulting movement patterns[13].

At the heart of human movement lies the power of muscles. These contractile tissues act

as the engines, generating forces that act on bones. Bones, on the other hand, function as

levers, transmitting these forces and producing movement around joints. Biomechanists

use several concepts to analyze this interplay:

• Center of Gravity (CoG): This is the theoretical point where the body’s entire

weight is concentrated. Maintaining balance requires the CoG to be positioned

within the base of support (the area of contact with the ground). Biomechanists

analyze how body position and movement affect the CoG.

• Moments and Levers: Muscles generate forces that create moments (rotational

effects) around joints. By understanding the lever systems formed by bones and

the location of muscle attachments, biomechanists can predict the direction and

magnitude of joint movement.

• Kinetics and Kinematics: These terms differentiate between the ”why” and

”how” of movement. Kinetics focuses on the forces that cause movement (forces

generated by muscles, gravity, etc.), while kinematics describes the actual movement

patterns themselves (range of motion, angular displacement, etc.).

1.1.2 Importance of Muscle Force Prediction

Muscle force prediction offers a multitude of benefits, impacting various disciplines:

• Biomechanics and Movement Analysis: By estimating the forces exerted by
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individual muscles, researchers gain valuable insights into how the body generates

movement. This knowledge helps us understand the mechanics behind healthy

and pathological gait patterns, identify muscle imbalances leading to injuries, and

optimize athletic performance [14].

• Clinical Applications and Rehabilitation: Precise muscle force prediction

plays a crucial role in diagnosing and treating musculoskeletal disorders. It allows

clinicians to pinpoint weaknesses or imbalances contributing to pain or movement

limitations. This data guides the development of targeted rehabilitation programs,

ensuring a more efficient recovery process [4].

• Prosthetic and Assistive Device Design: Accurately predicting muscle forces

is essential for designing effective prosthetics and exoskeletons. By understanding

the forces a user intends to generate, engineers can create devices that seamlessly

integrate with the body’s natural movement patterns. This leads to improved

functionality, comfort, and user acceptance [15].

• Human-Robot Interaction: In collaborative robotics, predicting human muscle

forces facilitates safe and intuitive interaction between humans and robots. This

allows robots to anticipate and adapt to human movements, minimizing the risk of

injury and fostering seamless collaboration [16].

• Sports Science and Performance Optimization: Athletes constantly strive to

push their limits. Muscle force prediction helps coaches and trainers design training

programs that target specific muscle groups, optimize movement mechanics, and

ultimately enhance athletic performance [17].

1.1.3 Challenges in Muscle Force Prediction

While the potential benefits of muscle force prediction are undeniable, accurately mea-

suring and predicting these forces remains a challenge. The human body is a complex

system with muscles working synergistically to produce movement. Factors like muscle

activation patterns, individual muscle properties, and joint kinematics all contribute to

the final force generated.

• Complexity of Musculoskeletal System: The musculoskeletal system is highly

complex, comprising numerous muscles, tendons, and joints. Predicting muscle

forces accurately requires comprehensive biomechanical models that account for

these complexities, posing a significant challenge to researchers [18].

• Variability Among Individuals: Individuals exhibit variability in muscle ar-
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chitecture, activation patterns, and movement strategies, making it challenging

to generalize muscle force predictions across populations. Personalized modeling

approaches are necessary to account for this variability and improve prediction

accuracy [19].

• Limited Experimental Data: Validating muscle force prediction models relies on

experimental data obtained through invasive techniques such as electromyography

(EMG) or muscle force measurements, which may not always be feasible or ethical.

This limitation hampers the development and refinement of predictive models [20].

• Dynamic Nature of Movement: Human movement is dynamic and multi-

faceted, involving interactions between muscles, tendons, and external forces. Pre-

dicting muscle forces accurately requires accounting for dynamic changes in move-

ment patterns, which adds complexity to modeling efforts [21].

1.1.4 Traditional Approaches

Traditional approaches to muscle force prediction have primarily relied on optimization-

based musculoskeletal models and electromyography (EMG) techniques. Optimization-

based musculoskeletal models employ mathematical optimization algorithms to estimate

muscle forces that produce the desired joint moments or motion patterns, subject to

physiological constraints [22]. These models often incorporate complex musculoskeletal

geometry, muscle properties, and optimization criteria, making them computationally

expensive and sensitive to parameter settings.

EMG techniques, on the other hand, involve measuring the electrical activity of muscles

using surface or intramuscular electrodes. The recorded EMG signals are then used

to estimate muscle forces through calibration procedures or by applying biomechanical

models [23]. However, EMG-based methods are limited by factors such as cross-talk

between adjacent muscles, signal variability, and the need for extensive calibration and

subject-specific modeling.

1.1.5 Computational Intelligence for Muscle Force Prediction

While these traditional approaches have contributed significantly to the understanding of

muscle mechanics, they have inherent limitations in handling the complexity, nonlinearity,

and uncertainty associated with musculoskeletal systems. Computational intelligence

techniques, which are inspired by biological systems and possess learning and adaptation

capabilities, have emerged as promising alternatives for addressing these challenges in

muscle force prediction. This is where advancements in computational intelligence (CI)
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offer a promising alternative.

CI encompasses a range of techniques inspired by natural intelligence, including artificial

neural networks (ANNs), fuzzy logic (FL), and evolutionary algorithms (EAs). These

approaches can learn complex relationships between body kinematics, kinetics, and elec-

tromyography (EMG) signals, leading to more efficient and accurate muscle force predic-

tion.

Artificial Neural Networks (ANNs) are one of the most widely explored computational

intelligence techniques for muscle force prediction. ANNs are computational models in-

spired by the structure and function of biological neural networks, consisting of inter-

connected nodes (neurons) that process information through weighted connections and

nonlinear activation functions [24]. ANNs have the ability to learn complex patterns and

relationships from data, making them well-suited for modeling the nonlinear and intricate

relationships between muscle activations, kinematic variables, and muscle forces.

Several studies have demonstrated the effectiveness of ANNs in estimating muscle forces

during various human movements, such as gait [25], upper limb tasks [26], and sports-

related activities [27]. ANNs can be trained using experimental data, such as EMG

signals, motion capture data, and ground reaction forces, to learn the mapping between

input features and desired muscle forces. Once trained, ANNs can provide fast and

efficient predictions of muscle forces for new input data.

Fuzzy logic is another computational intelligence technique that has been applied to

muscle force prediction problems. Fuzzy logic is based on fuzzy set theory, which allows

for the representation and manipulation of imprecise or vague information [28]. This

characteristic makes fuzzy logic particularly useful for handling the inherent uncertainties

and nonlinearities associated with musculoskeletal systems.

Fuzzy logic-based approaches have been used to estimate muscle forces in various appli-

cations, such as rehabilitation exercises [29] and modeling muscle activation dynamics

[30]. These approaches typically involve defining fuzzy rules that relate input variables

(e.g., joint angles, muscle lengths, and EMG signals) to muscle forces, based on expert

knowledge or data-driven methods. Fuzzy inference systems can then be employed to

estimate muscle forces by applying these fuzzy rules to new input data.

Evolutionary algorithms, such as genetic algorithms and particle swarm optimization,

are another class of computational intelligence techniques that have been employed in

muscle force prediction. EAs are particularly useful for optimizing complex muscle force

prediction models [31]. By evolving a population of candidate solutions, EAs can identify

the optimal combination of factors influencing muscle force. This can be particularly
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beneficial when dealing with a multitude of muscles and complex movement patterns

[32].

One of the key advantages of computational intelligence techniques is their ability to learn

from data and adapt to new situations. This capability is particularly valuable in muscle

force prediction, as musculoskeletal systems exhibit complex nonlinear behaviors and are

influenced by various factors, such as individual characteristics, muscle properties, and

external loads. By learning from experimental data or simulations, computational intel-

ligence techniques can capture these intricate relationships and provide accurate predic-

tions without relying on explicit mathematical models or simplifying assumptions.

Another advantage of computational intelligence techniques is their ability to handle

uncertainty and imprecision in data. Muscle force prediction often involves noisy or in-

complete data, such as EMG signals, motion capture data, or ground reaction forces.

Traditional modeling approaches may struggle with such uncertainties, leading to inac-

curate or unstable predictions. Computational intelligence techniques, like fuzzy logic

and ANNs, are well-suited for dealing with these uncertainties and can provide more

robust and accurate predictions.

Moreover, computational intelligence techniques can be combined or hybridized with

other techniques, such as musculoskeletal models or optimization algorithms, to leverage

their respective strengths and overcome their limitations. These hybrid approaches have

shown promising results in improving the accuracy and robustness of muscle force pre-

diction [33][34]. For example, ANNs can be integrated with musculoskeletal models to

provide fast and efficient predictions, while still incorporating biomechanical constraints

and muscle properties [35].

The integration of these CI techniques offers even greater potential. Neuro-fuzzy systems

combine the learning capabilities of ANNs with the interpretability of FL. This allows

for not only accurate predictions but also an understanding of the underlying factors

influencing muscle forces [36, 37]. Similarly, genetic algorithms can be used to optimize

the architecture and parameters of ANNs, leading to improved prediction accuracy [38,

39].

Despite the advantages of computational intelligence techniques, there are also challenges

and limitations to their application in muscle force prediction. One significant challenge is

the availability and quality of training data. Computational intelligence techniques, par-

ticularly ANNs and data-driven fuzzy systems, rely heavily on learning from examples.

Obtaining comprehensive and accurate data for muscle forces and related parameters

can be difficult and may require invasive measurement techniques or specialized equip-
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ment.

Another challenge is the interpretability and transparency of some computational intel-

ligence models, such as ANNs, which can be perceived as ”black boxes” with limited

insight into their internal workings. This lack of interpretability can hinder the under-

standing of the underlying mechanisms and limit the acceptance of these techniques in

certain applications where transparency and explainability are crucial.

Additionally, the selection and optimization of computational intelligence techniques of-

ten involve numerous parameters and design choices, which can be time-consuming and

require domain expertise. Improper parameter settings or model configurations can lead

to suboptimal performance or overfitting issues, where the model performs well on train-

ing data but fails to generalize to new situations.

Despite these challenges, computational intelligence techniques continue to gain traction

in the field of muscle force prediction due to their potential for improving accuracy, han-

dling nonlinearities and uncertainties, and providing adaptive and robust solutions. As

computational resources and data availability continue to improve, and as research in this

area progresses, computational intelligence techniques are expected to play an increas-

ingly important role in advancing our understanding and prediction of muscle forces in

various applications, including biomechanics, sports science, rehabilitation engineering,

and computer animation.

1.2 Research Gaps

1. In the literature SVM, neural network are mostly used. To get effective predictions,

more models need to be explored for muscle force prediction [20, 40, 41].

2. It is essential to select those features in data that are most relevant to the problem

domain, this process is known as feature selection. Its main purpose is to reduce

the complexity of the dataset. Moreover, many papers surveyed lack the feature

importance module itself. Parameter optimization will also help in better accuracy

of results [42, 43, 44, 45].

3. In most of the papers, K-fold cross-validation have been used. But, there are many

more validation types that can be used to check the robustness of our model like

resubstituting validation, hold-out validation, leave-one-out validation [46, 47].

4. The Post model evaluation is an important process that take place after the training

of model. It is based upon true positive and false positive rate of the prediction. It

tells which feature has the most impact on false prediction. By using post model
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evaluation, accuracy of the model can be improved. The main feature of this process

is that it tells about the property which is dropping down the accuracy of model.

1.3 Research Objectives

1. To study and review the existing techniques to predict muscle forces for different

human body activities.

2. To propose an optimized feature selection approach for muscle force prediction.

3. To propose the methodology for prediction of various muscle forces in different

human body activities using computational intelligence techniques.

4. To verify and validate the proposed technique.

1.4 Thesis Contribution

1. Anomaly detection techniques like iforest, KNN, and LOF are used to detect and

remove abnormal data from the sEMG signals.

2. Several machine learning classifiers like LightGBM, XGBoost, Random Forest, Ex-

tra Trees, and Decision Tree are compared for their performance on classifying

normal vs abnormal movements from the sEMG data.

3. The proposed methodology using anomaly detection and ensemble machine learn-

ing models enables more accurate diagnosis of knee movement abnormalities from

sEMG signals compared to prior approaches.

4. Specializing TimeGAN on detected clinical outliers enhances data augmentation

for precision prognostic modeling.

5. The integrated framework makes important contributions around effectively har-

nessing anomalies and simulated sequences for robust and personalized muscle mod-

elling. This drives the next generation of precision medicine in rehabilitation and

sports biomechanics.

6. Key innovation in connecting deep generative learning and abnormal trajectory

identification to unlock more patient-specific muscle strength analytics
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1.5 Thesis Organization

The Thesis is organized as follows.

Chapter 1: Introduction

The chapter begins with the background of the Biomechanics, Importance of Muscle

force prediction and challenges faced in the same. Further, the chapter discusses

the traditional approaches and then Computational Intelligence for Muscle Force

Prediction. The chapter finally comes up with thesis contribution and organization.

Chapter 2: Literature Survey

The literature survey in this chapter covers the extensive research and methodolo-

gies in muscle force prediction. It explores the historical context and the evolution

of techniques from classical biomechanics to modern computational models. The

chapter discusses the interdisciplinary nature of the field, integrating principles from

anatomy, physiology, engineering, and computational modeling. It highlights var-

ious methodologies, including electromyography, motion capture, musculoskeletal

simulations, and machine learning algorithms, used to predict muscle forces. Ad-

ditionally, it addresses the applications of muscle force prediction in sports science,

rehabilitation, ergonomics, and robotics, while also identifying the challenges and

future directions in this field.

Chapter 3: Decoding Human Movement: Musculoskeletal Modeling and

Sensor Technology

This chapter explores the field of human biomechanics, focusing on how the muscu-

loskeletal system interacts with external forces to generate and control movement.

It highlights the importance of musculoskeletal modeling, a computational approach

that replicates human body structure and function, using both rigid-body and de-

formable models. The chapter also discusses advanced sensor technologies like In-

ertial Measurement Units (IMUs) and electromyography (EMG), which provide

crucial data for understanding muscle forces and joint moments. The integration of

these models and sensors offers valuable insights into rehabilitation, sports science,

ergonomics, and robotics.

Chapter 4: An Ensemble Machine Learning Technique for Detection of

Abnormalities in Knee Movement Sustainability

This chapter covers the use of machine learning techniques for detecting abnormali-

ties in knee movement using surface electromyography (sEMG) data. It describes a

study that collected sEMG signals from 22 individuals during sitting, standing, and
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walking activities. Various anomaly detection methods, including isolation forest

(iforest), k-nearest neighbors (KNN), and local outlier factor (LOF), were applied

to preprocess the data. this study then used multiple machine learning classifiers,

such as Light Gradient Boosting Machine and Random Forest, to classify normal

and abnormal knee movements. The results showed that applying anomaly detec-

tion techniques, particularly iforest, significantly improved classification accuracy,

achieving up to 98.5% accuracy compared to 85.9% without anomaly detection. The

chapter discusses the methodology, results, and potential applications in medical

diagnostics.

Chapter 5: Time series generative adversarial network for muscle force

prognostication using statistical outlier detection

This chapter covers the development of a novel approach for predicting muscle forces

using time series data and machine learning techniques. It introduces an integrated

framework that combines statistical anomaly detection methods with generative ad-

versarial networks (GANs) to enhance prediction accuracy. The study employs var-

ious models including LSTM, ARIMA, and Prophet, along with anomaly detection

techniques like isolation forest and local outlier factor. A dataset of walking tests

from 57 individuals was used to apply various methods to forecast muscle forces.

The chapter discusses the methodology, experimental setup, evaluation metrics, and

results, showing how the proposed approach improves prediction performance com-

pared to conventional methods. It also addresses limitations and potential future

directions for this research.

Chapter 6: Conclusion and Future Directions

This chapter summarizes the conclusions drawn from the thesis along with the

possible future directions.
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Chapter 2

Literature Survey

Muscle force prediction stands as a cornerstone in the realm of biomechanics, offering

valuable insights into the intricate dynamics of human movement. Understanding the

forces generated by muscles during various activities is pivotal not only for deciphering

the complexities of musculoskeletal mechanics but also for optimizing performance, pre-

venting injuries, and enhancing rehabilitation protocols. This literature review endeavors

to provide a comprehensive examination of muscle force prediction, delving into its his-

torical context, biomechanical underpinnings, methodologies, applications across diverse

fields, challenges, current trends, and future directions.

Over the years, the study of muscle force prediction has evolved significantly, driven

by advancements in technology, computational methods, and interdisciplinary collabora-

tions. Initially rooted in classical biomechanics, which primarily focused on describing

movement kinematics and kinetics, muscle force prediction has emerged as a multidimen-

sional endeavor that integrates principles from anatomy, physiology, engineering, and

computational modeling. This evolution reflects a growing recognition of the critical role

that muscle forces play in governing human motion and functionality.

The significance of muscle force prediction extends across various domains, from sports

science and rehabilitation to ergonomics and robotics. In sports performance optimiza-

tion, predicting muscle forces enables coaches and athletes to fine-tune training regimens,

refine technique, and mitigate the risk of overuse injuries. Similarly, in rehabilitation set-

tings, accurate muscle force prediction guides clinicians in designing personalized treat-

ment plans, facilitating recovery from musculoskeletal injuries and surgeries.

Methodologically, muscle force prediction encompasses a diverse array of techniques, rang-

ing from experimental approaches such as electromyography (EMG) and motion capture

to computational models like musculoskeletal simulations and machine learning algo-

rithms. These methodologies offer complementary insights into muscle function, allowing

researchers to validate and refine predictive models through empirical data and theoretical

frameworks.

Despite its profound implications, muscle force prediction is not without challenges. The
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complexity of the musculoskeletal system, inter-subject variability, validation issues, and

computational resource requirements pose significant hurdles in accurately predicting

muscle forces across diverse populations and activities. Addressing these challenges re-

quires interdisciplinary collaboration, methodological innovation, and data-driven ap-

proaches.

In light of ongoing advancements and emerging trends, the future of muscle force predic-

tion holds promise for transformative breakthroughs in biomechanics research and prac-

tice. Integrating advanced imaging techniques, leveraging machine learning algorithms,

and embracing wearable sensor technologies offer new avenues for enhancing the accuracy

and applicability of predictive models. Moreover, fostering collaborative research efforts

and translating findings into clinical and practical applications will be essential for realiz-

ing the full potential of muscle force prediction in improving human health, performance,

and well-being.

In summary, this literature review aims to synthesize existing knowledge, identify gaps

in understanding, and provide insights into the past, present, and future of muscle force

prediction. By examining the historical evolution, biomechanical foundations, method-

ological approaches, applications, challenges, and future directions, this review seeks to

contribute to a deeper understanding of this pivotal aspect of human movement biome-

chanics. Through comprehensive analysis and critical synthesis of the literature, this

review endeavors to advance our collective understanding of muscle force prediction and

its implications for research, clinical practice, and technological innovation.

2.1 Human Biomechanics

Cappozzo, A., et al. [48] proposed a standardized method for defining anatomical frames

of reference for human body segments using external markers placed on bony landmarks.

The procedures allow accurate 3D reconstruction of body segment positions and orienta-

tions during movement analysis from skin-mounted marker trajectories. This overcame

limitations of previous approaches and enabled consistent description of 3D joint an-

gles across studies. The proposed conventions have become widely adopted standards in

biomechanics research.

Winter, D.A. in the textbook [5] covers fundamental principles of human movement

biomechanics and motor control. Key topics include musculoskeletal anatomy, mechan-

ics of muscles and joints, gait analysis, sports biomechanics, neural control, and clinical

applications. With its interdisciplinary approach bridging biology and engineering, this

book provides a thorough foundation for students and researchers in biomechanics. Its
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clear explanations and worked examples facilitate understanding of complex biomechan-

ical concepts and their applications.

McGill, S.M., et al. [49] introduced a detailed biomechanical model to quantify spinal

loading during heavy lifting tasks. The model considered contributions from muscle forces

acting on the spine, intra-abdominal pressure, and external loads to compute spinal com-

pression and shear forces. It enabled systematic evaluation of different lifting techniques

and their effects on spine loading. The model provided new insights into factors influenc-

ing spine injury risk and guided ergonomic interventions for manual material handling

tasks.

Using 3D motion analysis, Kaufman, K.R., et al. [50] examined gait patterns in children

with limb-length discrepancy (LLD). The study quantified asymmetries in joint angles,

moments, and powers between the longer and shorter limbs during walking. Greater LLD

was associated with increased gait deviations, including greater knee flexion during stance

on the longer limb. The results provided clinical insights into gait compensations adopted

by LLD patients and highlighted the utility of 3D gait analysis for surgical planning.

Chiari, L., et al. [51] developed a parallel computing technique to analyze postural sway

during quiet standing using center-of-pressure measurements. The proposed approach

utilized graphical processing units (GPUs) to parallelize sway path analyses, enabling

higher resolution and reduced noise compared to conventional methods. Improved char-

acterization of sway dynamics from the parallel technique could enhance screening for

balance impairments. The study demonstrated the benefits of leveraging parallel com-

puting for biomechanical data analysis.

Gittoes, M.J., et al. [52] used a four-segment biomechanical model of the buttocks-

thigh complex to simulate impact forces and soft tissue dynamics during seated impacts.

The model incorporated representations of skin, muscle, and adipose tissues to investigate

their influence on energy absorption and load distribution. Parametric analyses quantified

effects of factors like impact velocity, soft tissue stiffness, and muscle activation levels.

The findings provided insights into injury risk assessment and design guidance for seating

systems.

Zajac, F.E., et al. [53] developed a comprehensive musculoskeletal model of the human

leg to simulate muscle forces and coordination during walking. Part I described the model

formulation, incorporating musculoskeletal geometry, muscle properties, and neural con-

trol elements. Part II applied this model to estimate muscle forces, investigate energetics,

and analyze control strategies during normal walking. The simulations helped elucidate

principles underlying human locomotion and the neural mechanisms coordinating muscle
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activations. This work significantly advanced computational modeling of human move-

ment biomechanics.

Neptune, R.R., et al. [54] used musculoskeletal modeling and simulations to determine

the contributions of the individual ankle plantar flexors (soleus, gastrocnemii, other deep

flexors) during walking. The soleus was found to be the primary contributor to body

support, while the gastrocnemii played a major role in forward progression. The other

deep flexors initiated leg swing. This advanced understanding of muscle-specific roles

could guide treatment of gait impairments.

Gruber, A. H., et al. [55] investigates the biomechanical factors contributing to running-

related injuries by analyzing gait patterns. Through motion capture technology and force

plates, researchers identify key parameters such as foot strike pattern, joint angles, and

ground reaction forces. Findings suggest that deviations from optimal biomechanics may

increase injury risk, highlighting the importance of corrective interventions and training

strategies.

Matjačić, Z., et al. [56] examines the integration of biomechanics with virtual reality

(VR) technology to analyze human movement in immersive environments. Through mo-

tion capture systems and VR simulations, researchers investigate gait patterns, joint

kinematics, and motor control, providing insights into rehabilitation strategies and er-

gonomic design.

Herr, H. M. et al.[57] investigates the biomechanics of human locomotion with prosthetic

limbs, focusing on gait analysis, energy expenditure, and interface pressures. Findings

inform the design of prosthetic devices to improve mobility, stability, and comfort for

individuals with limb loss.

2.2 Muscle Force Prediction

Zhang J et al. [25] introduces a physics-informed deep learning approach to predict

muscle forces and joint kinematics from surface electromyography (EMG) data. Neural

networks are trained on experimental EMG and motion data, while being constrained

by musculoskeletal dynamics. This allows accurate prediction of muscle forces, joint

angles, and moments for new movements. The authors validated their method on various

dynamic tasks, demonstrating high estimation accuracy. This framework enables real-

time musculoskeletal analysis by combining data-driven and model-based approaches,

with potential applications in biomechanics research, rehabilitation, and human-machine

interfaces.
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Ma, Ruyi, et al.[58] explores force control in prosthetic hands by utilizing surface elec-

tromyography (sEMG) signals and six-dimensional force sensors. sEMG signals from the

forearm and grasping force data are collected. The root mean square (RMS) of steady-

state sEMG signals is selected as a feature. Prediction models are constructed using gene

expression programming (GEP) and BP neural networks to predict grasping force. Eval-

uation metrics include root mean square error (RMSE) and correlation coefficient (CC).

Results indicate that RMS features from sEMG signals effectively characterize grasping

force, with the GEP algorithm yielding superior prediction accuracy, particularly evident

across various grasping power levels and modes.

Zhu, Yean, et al. [59] addresses the challenge of assessing knee joint function in patients

with knee impairments, focusing on knee contact force (KCF) prediction. Traditional

methods such as instrumented prosthetic implants or inverse dynamics analysis are in-

vasive, expensive, and time-consuming. Here, a novel approach integrating the Artificial

Fish Swarm and Random Forest algorithm is proposed. A Random Forest model learns

the nonlinear relationship between gait parameters and contact pressures based on knee

replacement patient data. The Artificial Fish Swarm algorithm optimizes the model’s pa-

rameters. Extensive experiments demonstrate the method’s efficacy in predicting medial

knee contact force, outperforming classical multi-body dynamics analysis and artificial

neural network models.

Su, Hang, et al. [60] addresses the significance of human arm dynamics in human-robot

interaction and object manipulation. It introduces a novel algorithm utilizing deep learn-

ing to establish a model between surface electromyography (sEMG) signals and inter-

action force. Features are automatically extracted using convolutional neural networks

from sEMG signals, without prior biomechanical knowledge. Experiments demonstrate

the algorithm’s efficacy, achieving lower error (< 0.4, N) compared to other approaches

like artificial neural networks and long short-term memory. Robustness against mea-

surement noises is also evaluated, showing promising results for practical applications.

The algorithm’s performance is validated using the Myo controller and KUKA LWR4+

robot, highlighting its potential in enhancing dexterity and accuracy in human-robot

interaction.

Maniar, Nirav, et al. [61] investigates the role of lower-limb muscles in modulating knee

joint loading during single-leg landing tasks, crucial for understanding anterior cruciate

ligament (ACL) injury mechanisms. Employing electromyography-informed neuromus-

culoskeletal modeling, muscle force contributions to anterior shear joint reaction force

and valgus joint reaction moment are analyzed. Results show muscles like soleus, me-

dial hamstrings, and biceps femoris primarily oppose anterior shear force, while gluteus
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medius, gluteus minimus, and soleus counter valgus moments, crucial for ACL protection.

This comprehensive analysis sheds light on key muscle groups involved in mitigating ACL

loads, offering insights for injury prevention and rehabilitation strategies.

Zhang, Longbin, et al. [62] explores the estimation of ankle joint torques for robotic pow-

ered exoskeletons using electromyography (EMG)-driven neuromusculoskeletal (NMS)

and artificial neural network (ANN) models across various movement tasks. EMG signals

and ankle joint angles are used as inputs for both models, trained with 3-D motion analy-

sis data. Comparing the models across six calibration/training scenarios, the NMS model

generally outperforms the ANN model in predicting ankle joint torques, particularly when

EMG peaks are considered. However, the ANN model exhibits better performance when

trained with specific movement data. These findings underscore the importance of de-

tailed comparative studies for optimizing exoskeleton control strategies.

Zhu, Meng, et al. [63] addresses the growing use of surface electromyography (sEMG)

signals in controlling wearable devices, particularly focusing on aiding uphill movements.

It investigates the impact of various sEMG pre-processing methods and algorithms on

prediction accuracy. Utilizing an improved PCA algorithm for dimensionality reduction

and a novel CNN + LSTM model for knee joint angle prediction, data from ten subjects

are collected on a constructed ramp. Results show the proposed method’s prediction

time is 25 ms with an error of 1.34±0.25 deg, outperforming traditional machine learning

methods. The study underscores the efficacy of the proposed approach for accurate

lower limb activity recognition, paving the way for enhanced neuro-controlled mechanical

exoskeleton development.

Zhao, Yihui, et al. [64] proposes an innovative approach for continuous wrist joint motion

estimation using electromyography (EMG) signals, offering potential in assistive robots.

Unlike conventional methods, which rely solely on data-driven techniques, this model in-

terprets muscle activation levels from EMG signals to compute muscle force and estimate

wrist motion. A genetic algorithm optimizes subject-specific physiological parameters

for accurate prediction. Results demonstrate mean root-mean-square-errors of 10.08°
to 17.59° and coefficients of determination over 0.9 across various motion trials. The

proposed EMG-driven musculoskeletal model showcases precise tracking performance,

highlighting its potential for intuitive user-controlled assistive devices.

Martinez, Itzel Jared Rodriguez, et al. [65] addresses the challenge of decoding neuro-

physiological signals for prosthetic control, focusing on grasping force estimation using

forearm electromyography (EMG). High-density EMG signals were recorded during a

pick-and-lift task from twelve participants. Linear regression models were employed to

estimate grasp force using subsets of EMG channels and features. Results demonstrate
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improved prediction accuracy with longer window lengths from onset, reaching a plateau

at steady state. Notably, estimations using transient EMG data show comparable ac-

curacy to steady-state data, indicating predictive information about grasp force in the

early EMG phase. This finding suggests potential for fast online myoelectric controllers

capable of early grasp force decoding.

Moniri, Ahmad, et al. [66] explores the use of adaptive algorithms to forecast sur-

face electromyography (sEMG) features of trunk muscles in real-time, considering the

non-stationary nature of these signals. Shallow models and a deep convolutional neural

network (CNN) were employed to predict five common sEMG features across 14 trunk

muscles in 13 healthy subjects during various exercises. Results indicate the CNN ac-

curately forecasts up to 25 seconds ahead with low mean absolute percentage error and

standard deviation, outperforming shallow models significantly. This approach lays the

foundation for wearable devices to predict muscle fatigue in real-time, potentially aiding

in preventing low back pain and enhancing muscle activity monitoring applications for

therapy optimization.

Hajian, Gelareh, Ali Etemad, and Evelyn Morin. [67] investigates EMG-based force esti-

mation across individuals, focusing on biceps brachii and brachioradialis muscles during

isometric elbow flexion. Deep convolutional neural networks (CNN) with feature-level fu-

sion of representations from high-density (HD) EMG signals are developed (CNN-FLF).

Comparative analysis against various baselines, including input-level fusion CNNs and

classical machine learning methods, demonstrates CNN-FLF’s superior performance. Op-

timized hyper-parameters yield a normalized mean squared error of 1.6±3.69% for esti-

mated force. Visualization of extracted features highlights CNN-FLF’s ability to accu-

rately capture the regressive relationship with output force levels. This research provides

insights into developing generalized EMG-based force estimation methods with practical

applications in prosthetics and rehabilitation.

Mokri, Chiako, Mahdi Bamdad, and Vahid Abolghasemi [32] establishes a framework for

processing and evaluating lower limb electromyography (EMG) signals for a rehabilitation

robot. A knee rehabilitation robot is designed to utilize surface EMG (sEMG) signals

for muscle force estimation employing machine learning techniques like support vector

machine (SVM), support vector regression (SVR), and random forest (RF). Genetic al-

gorithm (GA) optimization enhances estimation accuracy alongside feature extraction.

Additionally, a load cell and wearable inertial measurement unit (IMU) measure muscle

force and knee joint angle. Extensive experiments yield a high estimation accuracy of

98.67% for lower limb muscles, showcasing improved therapy performance. Notably, pro-

posed techniques enhance muscle model sensitivity, particularly to tendon stiffness and
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slack length.

Khan, Salman Mohd et al. [68] investigates myoelectric prosthetic devices’ capability to

classify different force levels in grasping tasks. Electromyography (EMG) and fingertip

force signals were acquired during force contraction experiments. A two-step feature

selection process, involving ReliefF and Neighborhood Component Analysis (NCA), was

applied to design a pattern recognition algorithm. Support Vector Machines (SVM) and

Random Forest (RF) classifiers were utilized. Muscle optimization during classification

was also performed. Results show a maximum classification accuracy of 99% using SVM

with a two-muscle set. Optimal features included Auto Regressive coefficients, Willison

Amplitude, and Slope Sign Change. Mean accuracy for different subjects using SVM and

RF was 94.5% and 91.7% respectively.

Kamatham, Anne Tryphosa, et al. [69] introduces a noninvasive method using sonomyo-

graphy (ultrasound imaging) for estimating continuous muscle force. Surface electromyo-

graphy (sEMG) often lacks specificity and suffers from noise. The proposed approach ex-

tracts anatomically relevant features from ultrasound scanlines, reducing computational

complexity. Four regression methods are evaluated for force prediction, with Gaussian

process regression showing superior performance. Simulations explore practical wearable

sonomyography systems, assessing transducer placement and quantity. Results indicate

Gaussian process regression’s efficacy in predicting force from just four equispaced trans-

ducers. These findings offer insights for designing robust and efficient sonomyography-

based systems, advancing noninvasive muscle force estimation for clinical and research

applications.

Hu, Ruochen, et al. [70] presents a novel myoelectric control scheme supporting gesture

recognition and muscle force estimation for robust and natural control systems. Eleven

grasping gestures are selected for recognition using high-density surface electromyography

(HD-sEMG) and grasping force signals. Multi-task learning (MTL) enables synchronous

prediction of gesture category and force level. A post-processing algorithm mitigates force

variation’s impact on gesture recognition accuracy. Experimental results demonstrate

significant error reduction, with a 27-30% decrease compared to no post-processing, and

a 16-24% decrease compared to classical methods. The scheme achieves 9.35 ± 11.48%

gesture classification error and 0.1479 ± 0.0436 force estimation accuracy, meeting real-

time requirements. This framework holds promise for myoelectric control in prosthetics

and exoskeleton devices.

Liang, Wenqi, et al. [71] reviews recent advancements in using IMUs for biomechanical

analysis, particularly in activity recognition and musculoskeletal force estimation. It sum-

marizes methodologies including data preprocessing, noise reduction, classification, and
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force estimation models. Applications in daily activity assessment, posture evaluation,

disease diagnosis, and rehabilitation are discussed. Additionally, the study highlights

the potential of IMU-based wearable devices for predicting musculoskeletal forces, em-

phasizing the importance of adaptive networks and deep learning models for accurate

estimation.

Pandy, M.G., et al. [72] developed an optimization model to estimate individual mus-

cle forces during human movement based on recorded kinematics and external forces.

The model uses optimization to resolve the muscle redundancy problem, where multi-

ple muscle activation patterns can generate the same movement. Minimizing the sum

of muscle stress-raisers was used as the optimization criterion. The resulting model has

been widely applied in biomechanics research to analyze muscle coordination in normal

and pathological human movements.

2.3 Feature Extraction

Pancholi, Sidharth et al. [73] presents a novel feature extraction method, Advanced

Energy Kernel-Based Features (AEKFs), for electromyography (EMG) signal analysis

in bionics and prosthesis control. Evaluated on a scientific dataset covering six upper

limb motions with varying force levels, AEKFs are compared to existing approaches

using classification accuracy (CA), Davies–Bouldin index, and time complexity metrics.

Implemented on a DSP processor for real-time viability, AEKFs with Linear Discriminant

Analysis (LDA) classifier achieve a CA of 97.33% offline and approximately 92% on the

DSP processor. Notably, AEKFs exhibit lower time complexity compared to existing

methods, showcasing their potential for efficient and accurate EMG-based control in

practical applications.

Ma, Chenfei, et al. [74] addresses the need for improved surface electromyogram (sEMG)

feature extraction methods in deep learning-based simultaneous and proportional control

(SPC) for rehabilitation robotics. Existing methods struggle with providing adequate

information for complex movements across multiple degrees of freedom (DoFs). The

proposed novel sEMG feature extraction method aims to enhance accuracy in predict-

ing joint angles simultaneously on ten DoFs. Tested on eight complex movements, the

method demonstrates significant improvement compared to raw sEMG data. With an

average Pearson correlation coefficient of 0.85, the proposed feature set enhances the ap-

plication potential of deep learning methods in SPC for rehabilitation robotic systems,

with minimal computational overhead.

Tuncer, Turker, Sengul Dogan, and Abdulhamit Subasi [75] proposes a novel ternary
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pattern and discrete wavelet (TP-DWT) based iterative feature extraction method for

automating prosthetic hand control using surface electromyogram (sEMG) signals and

machine learning techniques. The TP-DWT based feature extraction network is utilized

for sEMG signal recognition, involving channel concatenation, TP-DWT feature extrac-

tion, feature selection, and classification using conventional classifiers. Tested on sEMG

data collected from amputee participants across three force levels, the method achieves

a high accuracy rate of 99.14% for all force levels with a k-nearest neighbor (k-NN) clas-

sifier and 10-fold cross-validation. This approach demonstrates promising potential for

effective and accurate prosthetic hand control in real-world scenarios.

Shanmuganathan, Vimal, et al. [76] presents the application of R-CNN for recognizing

hand gestures using electromyography-related signals. Forearm electrodes capture sig-

nals, processed via wavelet packet transform for feature extraction. R-CNN methodology

maps features from the wavelet power spectrum to validate and train the architecture.

Real-time testing achieves 96.48% accuracy, surpassing related methods. This demon-

strates superior accuracy in gesture recognition, emphasizing the efficacy of the proposed

approach.

Pancholi, Sidharth, and Amit M. Joshi [77] introduces advanced time derivative mo-

ments (ATDM) as a novel feature extraction technique for myoelectric prosthesis control

using EMG signals. Testing on four heterogeneous datasets, including data from am-

putees, demonstrates the efficacy of ATDM features. Achieving a classification accuracy

of 98.32% with lower time complexity, ATDM features are compared favorably to similar

methods. Evaluation using Davies–Bouldin (DB) index confirms excellent feature sepa-

rability across classes. Results underscore the potential of ATDM features for enhanced

pattern recognition in myoelectric prosthetic control, highlighting their suitability for

real-world applications.

Baygin, Mehmet, et al. [78] introduces Frustum154, a hybrid feature extraction method

for hand-movement surface electromyography (sEMG) datasets. It combines shape-based

local feature extraction with textural and statistical features, creating 154 low-level fea-

ture vectors. Tunable Q factor wavelet transform (TQWT) generates high-level features.

Iterative neighborhood component analysis (INCA) selects optimal feature vectors, im-

proving classification accuracy. Frustum154 achieves high accuracies of 98.89%, 94.94%,

and 95.30% using shallow classifiers on three sEMG datasets. The model is self-organizing

and automatically selects informative features, demonstrating its potential to enhance

sEMG-based classification in biomedical engineering.

Gesture recognition using surface electromyography (sEMG) faces challenges in general-

ization across different positions and users. Shen, Cheng, et al. [79] introduces a novel
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feature extraction method directly from the time domain, mitigating position influence

on sEMG-based pattern recognition. Offline cross-validation accuracy reaches 88.775%,

and online cross-validation accuracy achieves 99%, with a movement selection time of

47.036 ± 1.028 ms. The proposed features significantly improve classification accuracy

and generalization compared to traditional methods, aiding the practical implementation

of myoelectric interfaces.

Li, Gongfa, et al. [80] proposes a novel sEMG feature extraction method called active

muscle regions (AMR) for controlling multifunctional prostheses. Experimental results

demonstrate that AMR outperforms traditional features like MAV, WL, ZC, and SSC,

with average classification errors of 13%, 19%, 26%, 24%, and 22%, respectively. AMR

leverages the mapping relationship between hand movements and forearm muscle activ-

ity, validated in medicine. The smaller feature vector size of AMR reduces computational

costs, highlighting its potential to enhance sEMG pattern recognition accuracy for pros-

thesis control.

Aziz, Sumair, et al. [81] proposes a methodology for load classification using surface

electromyography (sEMG). Subjects performed weight lifting tasks with 1kg, 3kg, and

7kg weights, yielding 50 samples each. sEMG signals were denoised via Empirical Mode

Decomposition (EMD), and region of interest extraction improved classification by re-

moving redundant information. Feature extraction involved statistical, time, frequency

domain, and Mel Frequency Cepstral Coefficient (MFCC) analysis. The best feature

set was selected based on highest accuracy, validated using 10-fold cross-validation with

SVM, DT, QDA, NB, and K-nearest neighbor classifiers. SVM with cubic kernel achieved

the highest classification accuracy of 99% for the three-class problem.

2.4 TimeGAN - Generative Adversarial Network

TimeGAN, a Generative Adversarial Network (GAN) variant, addresses time series data

generation by capturing temporal dependencies and distributions. Unlike traditional

GANs, it employs a novel architecture comprising two distinct modules: a generator and

a discriminator. The generator leverages a recurrent neural network (RNN) to model time

dependencies, while the discriminator discerns between real and generated sequences.

By optimizing the generator to produce sequences indistinguishable from real data and

leveraging Wasserstein distance, TimeGAN effectively learns and replicates complex time

series distributions. It finds applications in various domains like finance, healthcare, and

climate science, enabling realistic synthetic data generation for diverse analyses.

Carneros-Prado, David, et al. [82] highlights the role of GANs in augmenting datasets,
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aiding in better understanding and analysis of gait dynamics. Research on gait analy-

sis has surged recently, crucial for early frailty detection. Gathering data is resource-

intensive, prompting interest in synthetic data generation as a complementary tool. Gen-

erative Adversarial Networks (GANs) have popularized this approach. Deep-convolutional

GANs expanded a gait dataset, with evaluation via animations, principal component

analysis, and feature extraction. Results indicate potential for synthetic data in gait

analysis.

Yun, Rachel, May Salama, and Lamiaa Elrefaei [83] investigates a deep neural network

(DNN) framework’s efficacy in human gait analysis for injury classification based solely

on ground reaction force plate measurements. Three DNN architectures (MLP, FCN,

ResNet) are explored against shallow neural networks and unsupervised clustering models.

Results show DNNs outperform clustering models and match or surpass support vector

machines despite overfitting risks. Data augmentation via timeGAN doesn’t enhance

accuracy. Incorporating explicit feature extraction like PCA preprocessing improves DNN

performance, particularly when coupled with dropout mechanisms, suggesting its value

in future DNN implementations.

Xu, Chenchu, et al. [84] introduces progressive sequential causal GANs (PSCGAN) as a

one-stop solution for ischemic heart disease (IHD) diagnosis without gadolinium contrast

agent (CA) injections or manual segmentation. PSCGAN synthesizes LGE-equivalent

images and segments relevant tissues from cine MR images using a progressive framework,

sequential causal learning network (SCLN), and self-learning loss terms. Results from

280 clinical subjects demonstrate high accuracy and correlation coefficients, showcasing

PSCGAN’s potential for standardized cardiac disease assessment.

Bicer, Metin, et al. [85] proposes a data augmentation method for deep learning biome-

chanical models using generative adversarial networks. The approach, termed adversar-

ial autoencoder, generates synthetic motion capture datasets for marker trajectories and

ground reaction forces. Comparison of real and synthetic data using statistical paramet-

ric mapping revealed negligible differences in direct kinematics and GRFs, but significant

disparities in inverse methods. Integration of joint angles calculated by inverse kinematics

improved joint moments estimation. The augmentation approach enhanced predictive ac-

curacy of joint kinematics and vertical GRFs, indicating its potential for improving deep

learning models.

Yin, Minglang, et al. [86] integrates generative deep learning and Bayesian inference to

infer constitutive relationships efficiently in data-sparse settings. Using a neural operator

and discriminator within a GAN, this framework accurately estimates vascular properties,

even with limited data. It learns model priors without explicit knowledge of functional
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forms, offering a versatile, model-agnostic approach to understanding biomechanical be-

haviors.

Overall, TimeGAN represents a significant advancement in the field of time series gen-

eration, offering a powerful tool for generating realistic and diverse synthetic time series

data. Its innovative architecture and training methodology make it well-suited for a wide

range of applications where generating synthetic time series data is crucial.

2.5 Anomaly Detection Techniques

Anomaly detection techniques are pivotal in identifying unusual patterns or outliers in

data, crucial across various domains such as finance, cybersecurity, and healthcare. Tra-

ditional methods include statistical approaches like clustering, deviation-based methods,

or rule-based systems. However, with the advent of machine learning, more sophisticated

techniques like autoencoders, isolation forests, and one-class support vector machines

have emerged. These methods excel in detecting anomalies in high-dimensional data

by learning patterns from normal instances and flagging deviations. Deep learning ap-

proaches, particularly recurrent neural networks and generative adversarial networks,

offer advanced anomaly detection capabilities, especially in sequential and unstructured

data, providing robust solutions in complex and dynamic environments.

Mullineaux, David R., and Gareth Irwin [87] developed for intra-participant time-series

data from treadmill running, detects outliers in two stages. Firstly, spatial outliers are

removed using median absolute deviation, followed by the removal of spatial-temporal

outliers using a moving window standard deviation. Customizable settings in Matlab

code allow for tailored application to different datasets, ensuring effective outlier identi-

fication.

Imbalanced datasets pose significant challenges in classifying medical data, particularly

in analyzing knee abnormalities during walking. Surface electromyography (sEMG) data

from 22 individuals show longer signal lengths for subjects with knee abnormalities, cre-

ating an imbalance in the dataset. Vijayvargiya, Ankit, et al. [88] proposes a multi-step

classification approach, incorporating wavelet denoising and oversampling techniques to

address this issue. Evaluation with various classifiers demonstrates that oversampling

enhances performance on imbalanced sEMG data, offering potential for more effective

automated analysis of complex sEMG signals in medical applications.

Rashid, Usman, et al. [89] introduces an algorithm using acceleration derivatives to auto-

matically identify and replace invalid force data with marker-detected events. Evaluation
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on healthy participants’ data shows the algorithm’s strong performance, with an area

under the curve (AUC) score exceeding 0.8 and no significant correlation with walking

speed. The algorithm’s MATLAB implementation and example data files are provided,

offering a valuable tool for gait analysis using instrumented split-belt treadmills.

Jin, Zeqing, et al. [90] introduces an anomaly detection system using layer-by-layer

sensor images and machine learning to identify imperfections in transparent hydrogel-

based bioprinted materials. Utilizing convolutional neural networks and advanced image

processing, the system achieves high accuracy in anomaly detection, enabling real-time

correction of process parameters for high-quality tissue constructs in 3D bioprinting.

Sivaraks, Haemwaan, et al. [91] introduces a novel anomaly detection technique leveraging

cardiologist expertise and motif discovery. The algorithm ensures robustness and accuracy

even in the presence of ECG artifacts, significantly reducing false alarms. Evaluation on

real ECG datasets confirms high accuracy, sensitivity, specificity, and positive predictive

value, making it superior to existing methods in detecting anomalies with minimal false

alarms.

Alkahtani, Hasan, Theyazn HH Aldhyani, and Mohammed Al-Yaari [92] proposes an

adaptive anomaly detection framework using deep and machine learning algorithms to

enhance cybersecurity. The model, utilizing Long-Short Term Memory Recurrent Neural

Network (LSTM-RNN), Support Vector Machine (SVM), and K-Nearest Neighbor (K-

NN) algorithms, effectively classifies Denial-of-Service (DoS) and Distributed Denial-of-

Service (DDoS) attacks. Evaluation on standard network datasets demonstrates LSTM-

RNN’s superior accuracy, indicating its efficacy in cybersecurity enhancement.

Anomaly detection techniques play a crucial role in biomechanics, enabling researchers

and clinicians to identify deviations from normal physiological patterns and diagnose mus-

culoskeletal disorders effectively. By leveraging statistical, machine learning, and com-

puter vision approaches, these techniques provide valuable insights into human movement,

optimizing performance, rehabilitation, and injury prevention strategies. As technology

continues to evolve, the integration of anomaly detection techniques into biomechanical

research and clinical practice holds promise for enhancing understanding and treatment

of musculoskeletal conditions, ultimately improving quality of life for individuals world-

wide.
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2.6 Machine Learning Techniques

Machine learning techniques are revolutionizing industries by enabling computers to learn

from data and make predictions or decisions without explicit programming. These meth-

ods, rooted in artificial intelligence, encompass a wide range of algorithms that automat-

ically detect patterns and extract insights from complex datasets. Supervised learning

algorithms learn from labeled data, while unsupervised learning algorithms identify pat-

terns in unlabeled data. Reinforcement learning algorithms learn through trial and error

interactions with an environment. From predictive analytics to image recognition and nat-

ural language processing, machine learning techniques power innovative solutions across

domains, driving advancements in technology, healthcare, finance, and beyond.

There are different types of machine learning algorithm. These are described below:

Supervised Learning: Supervised learning is a machine learning technique where al-

gorithms learn from labeled data. Models are trained to map inputs to known outputs,

with the goal of making accurate predictions on new data. This approach is used for clas-

sification and regression tasks. The learning process involves adjusting model parameters

to minimize prediction errors. Common algorithms include linear regression, decision

trees, and neural networks. Data quality and feature selection significantly impact model

performance. (Figure 2.1)

Unsupervised Learning: Unsupervised learning is a machine learning technique where

algorithms analyze unlabeled data to discover hidden patterns or structures. Unlike su-

pervised learning, there are no predefined output labels. Common tasks include clus-

tering, dimensionality reduction, and anomaly detection. Algorithms like K-means, hi-

erarchical clustering, and principal component analysis are widely used. Unsupervised

learning is valuable for exploratory data analysis, feature learning, and uncovering com-

plex relationships within datasets without prior knowledge of specific outcomes. (Figure

2.2)

Semi-Supervised Learning: Semi-Supervised learning is a machine learning approach

that combines elements of supervised and unsupervised learning. It utilizes both labeled

and unlabeled data for training models. This technique is particularly useful when ob-

taining labeled data is expensive or time-consuming. Algorithms leverage the structure

in unlabeled data to improve learning from a small set of labeled examples. Common

methods include self-training, co-training, and graph-based algorithms. Semisupervised

learning can enhance model performance and generalization, especially in scenarios with

limited labeled data. (Figure 2.3)
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Figure 2.1: Supervised Learning

Figure 2.2: Unsupervised Learning

2.6.1 Decision Tree

Decision Trees are valuable tools in biomechanics for their ability to analyze complex

datasets and extract meaningful insights. They are frequently used in various biome-
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Figure 2.3: Semi-Supervised Learning

chanical applications, including gait analysis, injury prediction, and rehabilitation plan-

ning.

In gait analysis, decision trees have been employed to classify different gait patterns

based on kinematic and kinetic data obtained from motion capture systems [93, 94]. Ad-

ditionally, decision trees have been utilized to predict injury risk in athletes by analyzing

biomechanical factors such as joint angles and ground reaction forces [95]. Moreover, de-

cision trees have been applied to develop personalized rehabilitation plans by identifying

key factors influencing recovery outcomes [96].

The interpretability and simplicity of decision trees make them particularly advantageous

in biomechanics, allowing researchers and clinicians to easily understand and interpret

the decision-making process. Decision trees also offer insights into the underlying re-

lationships between biomechanical variables and outcomes, facilitating evidence-based

decision-making in musculoskeletal health.

Overall, decision trees are valuable tools in biomechanics research, enabling the extraction

of meaningful insights from complex biomechanical datasets and aiding in the develop-

ment of personalized interventions for injury prevention and rehabilitation.

2.6.2 Support Vector Machine

Support Vector Machines (SVMs) are widely employed in biomechanics due to their

effectiveness in classification and regression tasks with high-dimensional data. SVMs
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have been utilized in various biomechanical applications, including gait analysis, muscle

activity classification, and movement prediction.

In gait analysis, SVMs have been employed to classify different gait patterns based on

features extracted from wearable sensors [97]. Additionally, SVMs have been used to

classify muscle activation patterns from electromyography (EMG) signals, aiding in the

assessment of muscle function during movement [98]. Moreover, SVMs have been applied

to predict joint kinematics and kinetics from biomechanical data, providing valuable

insights into movement dynamics and biomechanical performance [99].

The robustness and generalization capability of SVMs make them well-suited for handling

complex biomechanical datasets, which often contain noise and variability. By effectively

separating classes and capturing nonlinear relationships, SVMs contribute to the advance-

ment of biomechanics research and facilitate clinical decision-making in musculoskeletal

health.

2.6.3 Bayes Rule

Bayes’ Rule, a fundamental theorem in probability theory, holds significant relevance

in biomechanics for its ability to quantify uncertainty and update beliefs based on new

evidence. In biomechanics, where complex interactions between biological systems and

mechanical forces occur, Bayes’ Rule provides a robust framework for understanding and

modeling these relationships. By incorporating prior knowledge and updating it with

observed data, researchers can make informed decisions and infer causal relationships in

biomechanical systems.

Applications of Bayes’ Rule in biomechanics are diverse and widespread. For instance,

it has been utilized in estimating joint kinematics from inertial sensors [100, 101], pre-

dicting muscle forces during movement [102], and diagnosing movement disorders based

on symptom observations [103]. These applications demonstrate the versatility of Bayes’

Rule in addressing various challenges in biomechanics research.

Moreover, the Bayesian approach offers several advantages, including the ability to handle

uncertainty, incorporate prior knowledge, and provide probabilistic predictions. This is

particularly valuable in biomechanics, where data can be noisy and incomplete, and

uncertainty is inherent in biological systems.

Overall, Bayes’ Rule serves as a powerful tool in biomechanics, enabling researchers to

model and analyze complex systems, make predictions, and guide decision-making pro-

cesses with a probabilistic framework.
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2.6.4 Artificial Neural Networks

Artificial Neural Networks (ANNs) have emerged as indispensable tools in biomechanics,

revolutionizing the analysis of human movement patterns and musculoskeletal dynamics.

ANNs, inspired by the structure and function of the human brain, excel in tasks such

as gait analysis, motion prediction, and rehabilitation planning by efficiently processing

complex biomechanical data.

The architecture of ANNs consists of interconnected nodes organized in layers, enabling

them to learn from large datasets and capture intricate relationships within biomechanical

variables. By leveraging this capability, ANNs can accurately classify movements, predict

future motion trajectories, and optimize interventions for musculoskeletal health.

Numerous studies have demonstrated the efficacy of ANNs in various biomechanics ap-

plications. For instance, ANNs have been successfully employed to predict gait param-

eters based on wearable sensor data [104], classify muscle activation patterns from elec-

tromyography signals [105], and model musculoskeletal dynamics for exoskeleton control

[106].

The versatility and effectiveness of ANNs make them indispensable tools in biomechanics

research, offering insights into human movement dynamics and facilitating advancements

in clinical practice.

2.7 Time Series Prediction Techniques

Time series prediction techniques are essential in analyzing and forecasting sequential

data in various fields, including biomechanics. These methods, ranging from traditional

statistical models to advanced machine learning algorithms like recurrent neural networks

(RNNs) and Long Short-TermMemory (LSTM) networks, capture temporal dependencies

and patterns within data. By leveraging past observations, time series prediction tech-

niques enable accurate predictions of future trends, facilitating informed decision-making

in biomechanical research, such as gait analysis, injury prediction, and rehabilitation

planning, to optimize musculoskeletal health and performance outcomes.

2.7.1 ARIMA

ARIMA, introduced by Box and Jenkins (1976), is a parametric model that combines

autoregressive (AR), differencing (I), and moving average (MA) components to capture

the linear dependencies and trends in the data. ARIMA models have been extensively

applied in practice due to their simplicity and effectiveness in handling stationary time
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series data. However, ARIMA assumes that the data is stationary and requires manual

identification of model parameters, which can be challenging and time-consuming.

Satrio, Christophorus Beneditto Aditya, et al. [107] employs Machine Learning models to

forecast the COVID-19 pandemic trend in Indonesia and estimate the return to normalcy.

Utilizing Facebook’s Prophet and ARIMA models, confirmed cases, deaths, and recoveries

data from Kaggle are analyzed. Results indicate Prophet generally outperforms ARIMA,

though it tends to deviate further from actual data with longer forecast periods.

Duarte, Diego, and Julio Faerman [108] compares the ARIMA method with Prophet,

an autoregressive model, to predict KPIs. Utilizing hourly hospital data including Wait

to be Seen Major, Attendances Major, Unallocated Patients, and Available Beds, each

model’s performance is evaluated based on accuracy and reliability. Results identify the

most suitable model for different time series characteristics, aiding in effective prediction

of future pressure.

Saveljić, Slavica Mačužić [109] investigates the impact of vehicle vibrations on driver com-

fort, focusing on the transmission response function (STHT) between the seat and head.

Utilizing experimental data from twenty male subjects exposed to vertical vibrations, an

artificial neural network (ANN) model is developed to predict transfer function values.

Results demonstrate the ANN’s capability to accurately forecast transfer function values

within the trained parameter range, offering insights into the relationship between seat

vibrations and head motion responses for improved comfort analysis.

2.7.2 Prophet

Prophet, developed by Facebook’s Data Science team, is a more recent addition to the

forecasting toolkit. Prophet is designed specifically for time series data with strong sea-

sonal patterns, such as those commonly encountered in business applications. It offers sev-

eral advantages over traditional models, including automatic detection of changepoints,

the ability to handle missing data, and intuitive parameters for modeling holidays and

seasonality.

Hyun, Jayun, et al. [110] proposes a specialized model for diabetic foot treatment systems.

This system utilizes statistical methods and the Prophet model by Facebook to synthesize

data accurately while maintaining medical validity. The study suggests systemic methods

to evaluate the data’s validity. Results demonstrate that the synthetic time-series data

aligns with real data trends, showcasing the potential of this approach in addressing the

scarcity of realistic medical data for advancing digital therapeutics in healthcare.

Lu, Wei, et al. [111] aimed to establish a robust relationship between electromyography
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and flexion force, recognizing intended movements. However, existing methods require

biomechanical models to ensure precise predictions. Elbow flexion force relies on muscle

contractile properties, necessitating thorough analysis. By decomposing electromyogra-

phy signals into non-linear and non-stationary components, this study used mean absolute

value and variance as inputs for an Informer prediction model. The proposed framework

effectively predicts long-term flexion force, outperforming state-of-the-art models in ex-

perimental comparisons.

2.7.3 RNN

Recurrent Neural Networks (RNNs) are invaluable tools in biomechanics, offering sophis-

ticated capabilities in analyzing time-series data and capturing temporal dependencies

inherent in human movement patterns. RNNs, designed with loops that allow informa-

tion to persist over time, excel in tasks such as gait analysis, motion prediction, and

rehabilitation planning.

In biomechanics, RNNs have been extensively applied to various domains. For instance,

they have been employed to predict gait patterns based on sensor data [112], analyze

electromyography signals for muscle activity recognition [113], and model motor control

mechanisms [114].

The architecture of RNNs enables them to process sequential data efficiently by retain-

ing memory of past inputs. This allows them to capture subtle temporal dynamics and

dependencies, facilitating accurate predictions and insights into biomechanical phenom-

ena.

Despite their efficacy, RNNs may suffer from issues like vanishing gradients and difficulty

in capturing long-term dependencies. To address these challenges, advanced variants

like Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) networks have

been developed, offering improved performance in modeling long-range dependencies and

mitigating gradient vanishing problems.

Overall, RNNs play a crucial role in advancing our understanding of human movement

and optimizing interventions for musculoskeletal health, offering promising avenues for

future research and clinical applications.

2.7.4 LSTM

Long Short-Term Memory (LSTM) networks are pivotal in biomechanics, especially for

analyzing time-series data and modeling complex human movement patterns. LSTM
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networks, a type of recurrent neural network (RNN), are specifically designed to overcome

the limitations of traditional RNNs in capturing long-term dependencies in sequential

data. This makes them highly effective in tasks such as gait analysis, motion prediction,

and rehabilitation planning, where understanding temporal dynamics is crucial.

The architecture of LSTM networks includes memory cells that retain information over

long sequences, allowing them to capture subtle temporal patterns and dynamics inherent

in biomechanical data. LSTM networks have been successfully applied in various biome-

chanics applications, including human motion analysis, gesture recognition, and motor

control modeling.

Studies have demonstrated the effectiveness of LSTM networks in predicting gait pat-

terns [115], analyzing electromyography signals for muscle activity recognition [116], and

assisting in rehabilitation exercises [117]. The ability of LSTM networks to learn from

sequential data and model complex temporal relationships makes them valuable tools

for understanding human movement and optimizing interventions for musculoskeletal

health.
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Chapter 3

Decoding Human Movement: Musculoskele-

tal Modeling and Sensor Technology

Human biomechanics explores human movement, analyzing the interaction between the

musculoskeletal system and external forces to understand motion generation and control.

This field is vital in rehabilitation, sports science, ergonomics, and robotics. At its core

is musculoskeletal modeling, a computational approach replicating the human body’s

structure and function. These models, combined with advanced sensors, offer valuable

insights into muscle forces, joint moments, and overall movement patterns.

Musculoskeletal modeling comprises rigid-body models and deformable models [118].

Rigid-body models depict bones as segments with fixed lengths, connected by joints

with defined degrees of freedom. They are computationally efficient, suitable for ana-

lyzing gross motions like walking or running. Deformable models consider the flexibility

of muscles, tendons, and ligaments, enabling detailed analysis of forces within muscle

groups and joints. However, they entail more complex calculations and computational

resources.

To bridge the gap between theoretical models and real-world movement, various sensors

play a vital role in capturing biomechanical data. Inertial Measurement Units (IMUs) are

commonly used to track body segment accelerations and orientations [119]. By strategi-

cally placing IMUs on different body segments, researchers can reconstruct 3D movement

patterns. However, IMUs cannot directly measure muscle forces. This is where force sen-

sors come into play.

Emerging technologies like electromyography (EMG) offer additional insights into muscle

activity. EMG measures the electrical activity of muscles, providing an indirect indica-

tion of muscle force production. By combining EMG data with musculoskeletal models

and force sensor measurements, researchers can create a more comprehensive picture of

neuromuscular control during movement [120].

The field of biomechanics also plays a critical role in the development of prosthetics

and orthotics [121]. Musculoskeletal models can be used to design prosthetic limbs that

mimic the movement patterns of natural limbs. Sensors embedded within these devices
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can provide feedback on residual limb forces and prosthetic-socket interaction, leading to

more comfortable and functional prosthetics.

However, biomechanics also faces certain challenges. Creating accurate musculoskele-

tal models remains an ongoing effort, as individual anatomical variations and muscle

activation patterns can significantly impact movement [5]. Additionally, sensor data

can be noisy and require careful processing and filtering. Furthermore, integrating data

from various sensors and models into a coherent framework remains an active area of

research.

Despite these challenges, biomechanics continues to evolve rapidly. As sensor technology

advances, miniaturization and wireless capabilities will allow for more unobtrusive and

comprehensive data collection during movement. Additionally, the rise of machine learn-

ing and artificial intelligence holds immense potential for analyzing biomechanical data

and extracting meaningful insights.

This chapter delves into the science of human movement, exploring how muscles, bones,

and sensors work together to decode the complexities of human motion. By combin-

ing musculoskeletal modeling with advanced sensors, we gain valuable insights into how

we move, paving the way for advancements in rehabilitation, sports performance, and

prosthetics.

3.1 Musculoskeletal Modeling

Musculoskeletal modeling is a critical component of human biomechanics, as it enables re-

searchers and practitioners to understand and predict the behavior of the musculoskeletal

system during various activities. These models are typically computational representa-

tions of the human body’s skeletal structure, muscles, and joints. They are used to simu-

late and analyze the forces, moments, and kinematics involved in human movement.

3.1.1 Musculoskeletal Modeling Tools

Musculoskeletal modeling tools are specialized software programs that create virtual

representations of the human body’s musculoskeletal system. These models allow re-

searchers, clinicians, and engineers to simulate movement, analyze forces acting on mus-

cles and bones, design prosthetics, and ultimately gain a deeper understanding of human

biomechanics.

Here’s a table outlining some of the most prominent musculoskeletal modeling tools, their

applications, and a brief description:
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Table 3.1: Musculoskeletal Modeling Tools

Tool Description Functionalities Applications

OpenSim

[122, 123]

An open-source software for devel-

oping and analyzing musculoskele-

tal models.

Inverse kinematics, inverse dynam-

ics, static optimization, forward dy-

namics simulations, muscle analy-

sis, and more.

Biomechanics research, orthopaedic

surgery planning, rehabilitation,

sports science, and ergonomics.

AnyBody

[124, 125]

A commercial software for muscu-

loskeletal modeling and simulation.

Inverse dynamics, forward dynam-

ics, muscle recruitment, contact

modeling, and more.

Ergonomics, sports biomechanics,

occupational biomechanics, and or-

thopedics.

SIMM

[126, 127]

A commercial software for muscu-

loskeletal modeling and simulation.

Inverse kinematics, inverse dynam-

ics, forward dynamics, muscle anal-

ysis, and more.

Biomechanics research, orthopaedic

surgery planning, and sports sci-

ence.

MusculoSkele-

tal Modeling

for Biome-

chanics

(MSMS)

[128, 129]

A MATLAB-based toolkit for mus-

culoskeletal modeling and simula-

tion.

Inverse dynamics, forward dynam-

ics, muscle analysis, and more.

Biomechanics research, orthopaedic

surgery planning, and sports sci-

ence.

LifeModeler

[130, 131]

Commercial software for muscu-

loskeletal modeling and simulation,

developed by LifeModeler, Inc.

Inverse kinematics, inverse dynam-

ics, forward dynamics, muscle anal-

ysis, and more.

Biomechanics research, orthopaedic

surgery planning, sports science, er-

gonomics, and rehabilitation.
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Table 3.1: Musculoskeletal Modeling Tools

Tool Description Functionalities Applications

Neuromuscul-

oskeletal

Modeling

(NMBL)

[131, 132]

Open-source software for neuro-

musculoskeletal modeling and sim-

ulation, developed by the National

Center for Simulation in Rehabili-

tation Research (NCSRR).

Inverse kinematics, inverse dynam-

ics, forward dynamics, muscle anal-

ysis, and more.

Biomechanics research, orthopaedic

surgery planning, sports science, er-

gonomics, and rehabilitation.

AMMR (An

Anatomical

Model Rep-

resentation)

[133]

A software toolkit for creating

and analyzing musculoskeletal

models, developed by the Biome-

chanical Engineering Research

Group (BERG) at the University

of Colorado.

Musculoskeletal model creation, in-

verse kinematics, inverse dynamics,

forward dynamics, and more.

Biomechanics research, orthopaedic

surgery planning, sports science,

and ergonomics.

GaitSym [134] Free, open-source software for 2D

and 3D musculoskeletal modelling.

- Create simplified 2D/3D models.

- Analyze gait patterns and muscle

forces.

- Education and teaching biome-

chanics. - Clinical gait analysis

(preliminary). - Assistive device de-

sign (initial stages).

AMESim

[135, 136]

Commercial software for multi-

domain simulation, including mus-

culoskeletal modelling.

- Model and simulate complex

biomechanical systems. - Integrate

musculoskeletal models with other

systems (e.g., nervous system). -

Analyze and optimize system per-

formance.

- Design and development of re-

habilitation robots. - Research in

human-machine interaction. - De-

velopment of biomimetic robots.
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Table 3.1: Musculoskeletal Modeling Tools

Tool Description Functionalities Applications

Visual3D

[137, 138]

Specialized software for analyzing

human gait.

- Import motion capture data. -

Analyze joint kinematics and kinet-

ics. - Simulate gait patterns and in-

terventions.

- Clinical gait analysis for gait dis-

orders. - Design and evaluation of

orthotics and prosthetics. - Re-

search in sports biomechanics.

ABAQUS

[139]

General-purpose engineering soft-

ware used for musculoskeletal mod-

elling.

- Simulate complex bone and tis-

sue behaviour. - Analyze stress and

strain distribution. - Model im-

plants and surgical procedures.

- Research in bone mechanics and

fracture. - Design and optimiza-

tion of orthopedic implants. - Pre-

surgical planning and simulation.

GAIT2392

[140, 141]

An open-source software specifi-

cally for 2D gait analysis.

- Analyze 2D gait data from motion

capture systems. - Calculate joint

kinematics and kinetics.

- Clinical gait analysis for patients

with gait disorders. - Research in

gait biomechanics.

Adams (MSC

Software)

[142]

Commercial software for multi-

body dynamics and musculoskeletal

modeling

Kinematics, dynamics, muscle force

computation, forward/inverse sim-

ulations, optimization

Biomechanics research, movement

analysis, ergonomics, product de-

sign
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3.1.2 Related Work

Falisse A et al. [143] discusses the use of musculoskeletal modeling and predictive simula-

tions to analyze the neuromechanical control of human gait. It highlights the potential of

these computational approaches to provide insights into the neural strategies employed by

the central nervous system to coordinate muscle activations during walking. The authors

emphasize the importance of validating simulations against experimental data and incor-

porating subject-specific musculoskeletal parameters. They advocate for using predictive

simulations to investigate impaired gait, design assistive devices, and optimize rehabil-

itation strategies. The paper underscores the value of interdisciplinary collaborations

between biomechanists, neuroscientists, and clinicians to advance our understanding of

human locomotion.

McFarland DC et al. [144] introduces a comprehensive musculoskeletal model of the

human hand and wrist for simulating functional grasping and manipulation tasks. Incor-

porating 24 degrees of freedom and 38 muscle-tendon units, the model captures complex

hand biomechanics. The authors validated it against experimental data and demonstrated

simulations of activities like cylindrical grasping and finger tapping. The biomechanically

realistic model enables studying hand function, pathologies, and interventions, with ap-

plications in ergonomics, prosthetics, surgery planning, and rehabilitation.

Wang, Huawei, et al. [145] introduces MyoSim, a framework for creating fast and physio-

logically realistic musculoskeletal models in MuJoCo. MyoSim models incorporate muscle

dynamics, activation dynamics, and contraction dynamics based on biomechanical prin-

ciples. The authors demonstrate MyoSim’s capabilities through models of the upper limb

and lower limb. These models enable efficient simulations for musculoskeletal and ex-

oskeletal studies while capturing realistic muscle behavior and interactions between the

musculoskeletal system and external devices. MyoSim facilitates biomechanics research,

rehabilitation technology development, and human-robot interaction analysis.

Manuel Cardona et al. [146] highlights the utility of musculoskeletal models in addressing

complex biomechanical issues, injury simulations, and orthopedic surgery predictions. It

presents an open-source full musculoskeletal model for analyzing human lower limb biome-

chanics, featuring 14 bones, 88 muscle-tendon segments, and ten ligament segments per

knee. The model simulates various lower limb injuries using signal profiles akin to func-

tional electrical stimulation, enabling the computation of forces and torques for muscles

and joints. Validation via Simulink and gait capture systems confirms its accuracy in

estimating kinematics and kinetics parameters for both normal and pathological gait,

making it suitable for medical analysis and exoskeleton design.
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Burkhart, Katelyn, et al. [147] assessed the reliability of subject-specific musculoskele-

tal models, derived from optoelectronic motion capture data, to estimate spine loading

across different postures. Nineteen healthy participants underwent measurements on two

occasions. Models, incorporating detailed thoracolumbar spines, were created and scaled

for each individual using marker-based measurements. Vertebral compressive loading was

estimated for various postures. Results indicated excellent reliability for spine curvature

(ICC = 0.79–0.91) and fair to excellent reliability for body scaling segments (ICC =

0.46–0.95). Overall, musculoskeletal models exhibited high reliability (91% ICC ¿ 0.75)

in estimating spine loading across activities. These findings underscore the feasibility

of using motion capture data for reproducible subject-specific models and spine loading

estimates.

Thelen, D.G., et al. [148] utilized musculoskeletal modeling and dynamic simulations

to estimate individual muscle activations during normal walking. A 3D musculoskele-

tal model with 54 muscle-tendon actuators was created and driven by experimental gait

data. The simulations computed muscle activations required to generate the measured

motion, providing insights into muscle coordination strategies during gait. The results

highlighted the important roles of biarticular muscles and showed how muscles are selec-

tively recruited based on their mechanical output.

Delp, S.L., et al. [122] introduced OpenSim, an open-source software system for develop-

ing musculoskeletal models and simulating human movement dynamics. It described the

software architecture, modeling tools, and simulation capabilities. OpenSim allows users

to build and analyze musculoskeletal models from motion capture data, quantify muscle

forces, and simulate movements like walking and running. It has become a widely used

platform for biomechanics research by enabling model sharing and collaborative model

development.

Andriacchi, T.P., et al.[149] introduced the point cluster technique (PCT) for determining

3D kinematics of bones from skin-mounted marker data during movement trials. Com-

pared to conventional approaches, PCT improved accuracy by accounting for relative

marker motion on the skin. It was successfully applied to analyze knee joint rotations

during activities like stair climbing.

Delp, S.L., et al. [150] reviews recent advancements in musculoskeletal modeling and

simulation techniques for predicting human movement. Through computational mod-

els, researchers simulate muscle activations, joint forces, and kinematics to understand

complex biomechanical interactions. The paper discusses applications in clinical settings,

sports performance analysis, and rehabilitation protocols.
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Arjmand, N., et al. [151] presents a detailed musculoskeletal model of the lumbar spine,

consisting of six rigid bodies (five vertebrae and the pelvis) and 238 muscle fascicles.

The model was used to investigate the biomechanics of various trunk movements and the

effects of external loads on muscle forces and spinal loads. The authors demonstrated the

model’s potential for studying low back pain and developing preventive measures.

Jing Z et al. [152] investigated the effectiveness of different musculoskeletal models in

assessing biomechanical data in children with cerebral palsy. Accurate biomechanical

analysis is crucial for effective treatment strategies due to the condition’s significant

impact on movement and posture. The study evaluates how various models represent

movement patterns, muscle activation, and joint kinetics within this specific population to

discern the most reliable modeling approaches. These findings underscore the importance

of selecting appropriate models in clinical contexts to enhance treatment outcomes for

children with cerebral palsy.

3.2 Biomechanics Sensor Technology

Biomechanics sensor technology involves the use of wearable devices to monitor and

analyze human movement and physical performance. This enables comprehensive biome-

chanical analyses, aiding in injury prevention, technique optimization, and performance

enhancement across sports, rehabilitation, ergonomics, and other applications. Advance-

ments in sensor miniaturization, wireless connectivity, and data analytics have propelled

the field, allowing for unobtrusive, real-time monitoring and personalized insights. Biome-

chanics sensor technology continues to reshape our understanding of human biomechanics

and its practical applications.

3.2.1 Biomechanics Sensors

Biomechanics sensors are like fitness trackers on steroids, delving deeper than steps and

heart rate. These tiny gadgets, often worn on the body, transform into invisible spies.

They measure not just movement, but its intricacies. This data becomes a goldmine for

fields like sports medicine, where it helps optimize training and prevent injuries. Physical

therapists can use it to monitor recovery progress and tailor therapy. Even healthcare

professionals can leverage it to detect movement disorders or balance issues. As biome-

chanics sensors continue to develop, they promise to revolutionize how we understand and

optimize human movement, impacting health, rehabilitation, and athletic performance

for years to come.

Here is a table summarizing some common types of biomechanics sensors.
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Table 3.2: Biomechanics Sensors

Sensor Description Functionalities Applications

Force Plates

[153, 154]

Measure the ground reaction forces

generated by a body standing or

moving across them.

Measure forces and moments in

three orthogonal directions.

Gait analysis, sports biomechanics,

ergonomics, balance assessment.

Motion Cap-

ture Systems

[155, 156]

Track the movement of body seg-

ments or markers attached to the

body using cameras or other sen-

sors.

Provide 3D position and orientation

data of markers or body segments.

Gait analysis, sports biomechanics,

ergonomics, animation, rehabilita-

tion.

Electromyog-

raphy (EMG)

[157, 158]

Measure the electrical activity of

muscles, using surface or intramus-

cular electrodes.

Detect and quantify muscle activa-

tion patterns.

Gait analysis, sports biomechanics,

ergonomics, prosthetic control, re-

habilitation.

Pressure

Mapping

Systems

[159, 160]

Measure the pressure distribution

between a surface and a body part.

Create pressure maps or images. Seating and footwear design, wound

prevention, ergonomics.

Inertial Mea-

surement

Units (IMUs)

[161, 162]

Measure acceleration, angular rate,

and sometimes magnetic field, us-

ing a combination of accelerome-

ters, gyroscopes, and magnetome-

ters.

Provide orientation, position, and

motion data.

Gait analysis, sports biomechanics,

ergonomics, rehabilitation.

Flex Sensors

[163, 164]

Measure the bend or flex of a sur-

face or object.

Provide bend or flex angle data. Biomechanics of joint motion, er-

gonomics, rehabilitation.
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Table 3.2: Biomechanics Sensors

Sensor Description Functionalities Applications

Load Cells

[165]

Measure the force or load applied to

a surface or object.

Provide force or load data. Sports biomechanics, ergonomics,

rehabilitation.

Goniometers

[166, 167]

Measure the angle between two

body segments or objects.

Provide joint angle data. Biomechanics of joint motion, er-

gonomics, rehabilitation.

Dynamometers

[168, 169]

Measure the force or torque gener-

ated by a muscle or joint.

Provide muscle strength or joint

torque data.

Sports biomechanics, ergonomics,

rehabilitation.

Pedometers

[170, 171]

Count the number of steps taken by

an individual.

Provide step count data. Physical activity monitoring, gait

analysis, rehabilitation.

Accelerometers

[172]

Measure the acceleration of a body

or object.

Provide acceleration data in one or

more axes.

Physical activity monitoring, gait

analysis, ergonomics, rehabilita-

tion.

Respiratory

Sensors

[173, 174]

Measure respiratory parameters

such as airflow, volume, and gas

concentrations.

Provide respiratory data. Exercise physiology, sports biome-

chanics, ergonomics.

Electrocardio-

graphy

(ECG)

[175, 176]

Measure the electrical activity of

the heart.

Provide heart rate and rhythm

data.

Exercise physiology, sports biome-

chanics, ergonomics.

Force Myog-

raphy (FMG)

[177, 178, 179]

Measures the force-related signals

from muscle bulges and deforma-

tions

Detects the lateral force exerted by

muscles during contractions

Prosthetic control, human-

computer interaction, rehabili-

tation
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Table 3.2: Biomechanics Sensors

Sensor Description Functionalities Applications

Mechanomyo-

graphy

(MMG)

[180, 181]

Measures the low-frequency vibra-

tions generated by muscle fibers

during contractions

Detects the mechanical waves pro-

duced by the lateral oscillations of

muscle fibers

Biomechanics research, ergonomics

assessment, muscle fatigue monitor-

ing

Tendon Force

Sensors [182]

Measures the force transmitted

through tendons

Detects the tensile force generated

by muscle-tendon units

Biomechanics research, rehabilita-

tion, prosthetic control

Muscle Hard-

ness Sensors

[183, 184]

Measures the stiffness or hardness

of muscles

Detects changes in muscle tone or

stiffness during contractions

Rehabilitation, ergonomics assess-

ment, muscle fatigue monitoring

Ultrasound

Force Sensors

[185]

Measures the muscle deformation

and force using ultrasound imaging

Detects changes in muscle shape

and thickness during contractions

Biomechanics research, rehabilita-

tion, ergonomics assessment

Fiber Optic

Force Sensors

[186, 187]

Uses fiber optic sensors embedded

in muscles to measure strain and es-

timate force

Minimally invasive measurement of

muscle force

Biomechanics research, surgical

planning, prosthetic control

Implantable

Force Trans-

ducers [188]

Implantable devices that measure

muscle-tendon forces directly

Direct measurement of muscle-

tendon force

Biomechanics research, surgical

planning, prosthetic control

Intramuscular

Pressure Sen-

sors [189, 190]

Measures pressure changes within a

muscle during contraction

Direct measurement of muscle

force/tension

Biomechanics research, rehabilita-

tion, surgical planning
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3.2.2 Related Work

Hollis, Christina R., et al. [191] investigated using wearable sensors (RunScribe™) to

measure running mechanics outside a lab. Runners wearing the sensors completed runs

on a track and grass at slow and fast paces. The sensors successfully detected changes in

running mechanics as expected, like stride length increasing with speed and impact forces

being higher on the track. This suggests wearable sensors could be a viable alternative

to lab-based methods for studying running biomechanics.

Howard, Róiśın M. et al. [192] surveyed sports biomechanics researchers on their use

of sensor devices, particularly EMG. Force platforms were most common, but inertial

sensors and EMG are gaining traction. Researchers prioritized wireless, user-friendly

devices. The ideal system would be a single, low-power, multi-sensor device with user-

friendly analysis software, compatible with existing systems. This highlights the need for

development in user-friendly, wireless multi-sensor devices and accompanying software

for biomechanics analysis.

Inertial sensors have become indispensable tools in the biomechanical field due to their

miniaturization and continuous improvement. Blanco Ortega, Andrés, et al. [193] com-

piles their usage in obtaining biomechanical variables such as velocity, acceleration, and

power, focusing on combat sports like boxing, karate, and Taekwondo. This work un-

derscores the importance of using inertial sensors for upper extremity biomechanical

measurements.

Hug, François, et al. [194] highlights several experiments that utilized ultrasound shear

wave elastography to examine the hypothesis that muscle stiffness correlates linearly with

both active and passive muscle forces. It provides examples of studies that utilized muscle

stiffness measurements to estimate changes in muscle force.

Stetter, Bernd J., et al. [195] aimed to develop an artificial neural network (ANN)

to estimate knee joint forces (KJF) during sport movements using data from wearable

sensors. Thirteen participants wore two inertial measurement units (IMUs) on the right

leg and performed various movements. Biomechanical modeling determined KJF, and an

ANN was trained to predict KJF from IMU signals. The ANN-predicted KJF correlated

well with reference KJF values, supporting the use of wearable sensors and ANNs for

estimating joint reactions in sports.

Kim, Suin et al. [196] introduces a simple wearable sensor system combined with an

inverse dynamics-based static optimization method. The system, comprising four IMUs

and a manually developed ground reaction force sensor, measures joint angles and ground

reaction forces. Performance was validated against a camera-based motion capture system
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and force plate. Muscular forces in nine lower extremity muscle groups were estimated and

qualitatively analyzed in relation to gait functions and compared with electromyography

signals.

Lu, Yun, et al. [197] introduces a wearable multi-sensory system for estimating muscle

force during isometric contraction assessment and dynamic training. It employs a cus-

tomized wearable ultrasound system for real-time muscle deformation measurement and

an inertial measurement unit sensor for joint angle detection. Muscle force prediction

considers muscle deformation and thickness changes due to joint angle variation. Eval-

uating rectus femoris muscle force demonstrates over 90% accuracy in prediction, with

promising application in dynamic muscle force estimation for rehabilitation and recovery

assessment using exoskeletal rehabilitation robots.

Moghadam, Shima Mohammadi et al. [198] compared the performance of four non-linear

regression ML models to estimate lower-limb joints’ kinematics, kinetics, and muscle

forces using Inertial Measurement Units (IMUs) and electromyographys’ (EMGs) data.

The RF and CNN models outperformed the others, providing lower prediction errors

in all intended targets with reduced computational cost, suggesting their potential to

overcome the limitations of traditional optical motion capture for 3D gait analysis.

3.3 Conclusion

In conclusion, biomechanics, musculoskeletal modeling, and wearable sensors have revo-

lutionized the field of human movement analysis. Through the integration of advanced

technology, such as inertial measurement units (IMUs), electromyography (EMG), and ul-

trasound systems, researchers can now accurately estimate muscle forces, joint angles, and

kinetics during various activities. This chapter has explored the advancements in wear-

able sensor technology, the development of musculoskeletal models, and the application

of machine learning techniques for predicting biomechanical parameters. As technology

continues to evolve, interdisciplinary collaboration and innovation will further enhance

our understanding of biomechanics and its applications in various fields.
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Chapter 4

An Ensemble Machine Learning Technique

for Detection of Abnormalities in Knee Move-

ment Sustainability

The purpose of this study was to determine electromyographically if there are significant

differences in the movement associated with the knee muscle, gait, leg extension from a

sitting position, and flexion of the leg up for regular and abnormal sEMG data. Surface

electromyography (sEMG) data was obtained from the lower limbs of 22 people during

three different exercises: sitting, standing, and walking (11 with and 11 without knee ab-

normality). Participants with a knee deformity take longer to finish the task than healthy

subjects. The sEMG signal duration of patients with abnormalities is longer than that

of healthy ones, resulting in an imbalance in the obtained sEMG signal data. As a result

of the data’s bias towards the majority class, developing a classification model for auto-

mated analysis of such sEMG signals is arduous. The sEMG collected data is denoised

and filtered, followed by the extraction time-domain characteristics. Machine Learning

methods are then used for predicting the three distinct movements (sitting, standing,

and walking) associated with electrical impulses for normal and abnormal sets. Also,

different anomaly detection techniques are used for detecting occurrences in the sEMG

signals that differ considerably from the majority of data and hence used for enhancing

the performance of our model. The iforest anomaly detection technique presented in this

work can achieve 98.5% accuracy on the Light Gradient Boosting Machine algorithm,

surpassing the previous results that we can achieve maximum accuracy of 92.5% and

91%, improving accuracy by 6%-7% for classification of knee abnormality using Machine

Learning.

4.1 Introduction

Walking, running, or climbing stairs might be challenging if you have discomfort due to

joint pain. Pain can arise as a result of a trauma or an injury. It may also start for

no apparent cause at times. One study found that one in three people have arthritis
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or joint symptoms in 18-64 year olds because of an underlying injury or condition such

as osteoarthritis of the knee [199]. X-Ray [200], or Magnetic Resonance Imaging (MRI)

methods [201] are used in the clinic to diagnose such abnormalities. The X-ray approach

collects and assesses bone condition, whereas MRI gives comprehensive information about

knee anatomies such as cartilage, ligaments, and tendons. MRI is an effective diagnostic

tool, but it is also more expensive. Wearable sensors like electromyography (EMG),

accelerometers, gyro meters, and visual sensors like imaging cameras can be used to

identify knee problems.

Depending on the parts of the human body supported by an exoskeleton, they can be

divided into upper limb exoskeleton, lower limb exoskeleton (lees), whole body exoskele-

ton, and specific joint exoskeleton [202, 203]. These exoskeleton systems are divided

into three categories based on their various target applications and users, which are gait

rehabilitation, human movement and enhancement of human force [204].

Computer vision has applications across all areas of engineering, including exoskeletons.

The exoskeleton gets information about its environment from an RGB-D camera and ex-

tracts characteristics of the soil surface that could affect its gait. Then it makes decisions

according to the features of the environment, the state of the environment, and safety re-

strictions. It also provides the correct length and height of the walk to the parameterized

gait planning model to assist the user in walking [205].

Sun et al. present the generation of exoskeleton mobility; several signal acquisition types

can be applied, each focusing on specific areas and movements of the human body [206].

The current signal acquisition technologies include computer vision, electroencephalog-

raphy (EEG), electromyography (EMG), and Inertial sensors. These methods have been

developed over the past years and significantly impacted. In addition, the detection and

control method, stability of the modeling, and comfort of an exoskeleton of the lower

limb will also impact its performance [206].

Calle et al. discussed the Integration of Inertial Sensors in a Lower Limb Robotic Ex-

oskeleton [207, 208]. It presents a novel platform based on Imocap-GIS inertial sensors

with a motion assistance exoskeleton. It generates joint movements via Maxon motors

and harmonic drive gearboxes.

Tang et al. present an extensive study on a wearable lower limb exoskeleton [209]. It

classified the wearable device according to the power source and the working principle.

It also compared and analyzed the design idea, wearing mode, material, and performance

of different types of lower limb exoskeletons.

Taylor et al. demonstrate real-time muscle length tracking in an in vivo turkey model
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via chronically implanted magnetic beads while investigating accuracy, biocompatibility,

and long-term implant stability [210].

Botter et al. combined the ultrasound (US) imaging and multichannel surface EMG to

compare their detection sensitivity to fasciculations occurring in different muscle regions

and to investigate the effect of EMG electrodes’ configuration on their agreement [211].

Monopolar surface EMGs were collected from medial gastrocnemius and soleus with an

array of 32 electrodes.

EMG sensors recognize motions in advance while faster detecting signal changes, making

them better at researching neuromusculoskeletal diseases. The signal obtained by the

EMG sensors is a biological signal which measures the electrical activity produced by

the skeletal muscles. Surface electromyogram (sEMG) and intramuscular EMG (iEMG)

techniques are important methods to acquire EMG signals [212, 213]. sEMG has an

advantage over iEMG in that the electrodes may be placed without causing discomfort

or requiring medical supervision, and the risk of infection is minimum.

Gui et al. proposed an adaptive estimator based on the EMG to obtain and update the

EMG pair model without calibrations and recalibrations [214]. Simulation and experi-

ments indicate that the proposed estimator can adaptively predict the subject’s active

joint couple and provide precise control of exoskeleton movement.

Kang et al. developed a neural network gait and slope estimator using electromyogram

(EMG) and mechanical sensor signals [215]. The results of four healthy and two elderly

subjects show that the EMG approach can reduce the error rate by 14.8% compared to

models using only mechanical sensors.

Long-term monitoring with surface electrodes is simpler than with iEMG needles. As

Kanoga et al. have shown, the location of the sEMG sensors has a considerable impact

on the collected signal and its subsequent analysis and identification using the calculation

method [216]. sEMG sensors can collect data during daily human activities, like sitting,

climbing, walking, and standing, which can then be used to recognize actions, detect

anomalies, etc.

4.1.1 Motivation

Knee pain has become one of the most common health issues among seniors. Wounds,

repeated stress on the joint, aging, etc are underlying condition like arthritis are the most

common causes of knee pain [217]. The knee joint is one of the most complex joints in the

human body, ensuring leg movement and body stability and acting as a damper [218].

The knee joint is made up of different bones, tendons, muscles, cartilage, ligaments and
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fluids.

During the past decade, researchers have focused on categorizing sEMG signals from the

upper limb. The sEMGs obtained from the lower limb are more difficult to interpret

because they are influenced by overlapping muscles [217, 218]. Various signal processing

approaches [219, 220] have been used to study the categorization of sEMG data from the

lower leg. Chen et al. used a deep-neural-network to predict lower-limb extension/flexion

joint angles from sEMG signals [221]. Morbidoni et al. used an in-depth learning method

to classify the walking step using the sEMG data [222]. Bonato et al. developed a

technique to measure muscle fatigue using EMG during squats. They used Cohen-Posch

representations to improve accuracy and applied it to quadriceps and hamstring muscles

in control and ACL-deficient subjects. Instantaneous median frequency was calculated

for the knee-extension phase of the exercise. [223]. The classification of walking patterns

and the use of computational approaches are divided into normal and gait disorders

[224].

4.1.2 Contributions

This chapter focuses on identifying abnormality in movements from imbalanced sEMG

data and classifying six different activities (three normal and three abnormal) for stand-

ing, sitting, and gait positions. We thus present a performance comparison of various

prediction classifiers for detecting knee abnormalities from sEMG signals in which classi-

fiers are applied on the datasets consisting of data with and without anomalies in using

multiple anomaly detection techniques. This chapter aims to enhance the ability to detect

knee movement abnormalities and enable healthcare for a more accurate diagnosis. To the

author’s knowledge, no study solves the problem of identifying knee abnormalities using

anomalous detection methods. The major contributions are described as follows:

• Anomaly detection techniques such as iforest, KNN, and lof have been used to

remove abnormal data.

• Enhancement of classifier’s accuracy using boosting algorithms.

4.1.3 Organization

In this chapter, Section 4.2 describes our proposed model’s datasets, methodology, and

workflow. Section 4.3 discusses the model evaluation parameters. After that, Section 4.4

defines the performance and provides a comparative analysis between different metrics.

Finally, the chapter is concluded in Section 4.5.
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4.2 Materials and Methods

4.2.1 Dataset and its Features

sEMG and joint angles were derived from the publicly available dataset at UCI machine

learning repository [225]. The data includes sEMG signals from the lower limbs of 22

adults, 11 of whom are in good health and 11 of whom have known knee problems.

Participants were in good health with no history of injury or knee discomfort. One

abnormal subject of the knee suffered a sciatic nerve lesion, six subjects suffered an

anterior cruciate ligament (ACL) lesion, and the other four suffered a meniscus lesion.

Dataset description and feature information have been provided in Table 4.1 and Table

4.2 respectively. These data were collected using a Biometrics Ltd. DataLog MWX8 and

a direction finder. Each person performed three distinct tasks: walking, bending the leg

upward and lengthening the leg from a sitting posture. The goniometer was connected out

of the knee joint, and sEMG data was collected for four muscles: vastus medialis (VM),

rectus femoris (RF), semitendinosus (ST) and biceps femoris (BF) (Figure 4.1).

Figure 4.1: Muscle diagram for rectus femoris (RF), vastus lateralis (VL), vastus
medialis (VM), semitendinosus (ST), biceps femoris (BF) and semitmembranosus (SM).

The person’s afflicted limb with aberrant knee and left leg healthy participants were

chosen to get the signal. The data was collected at a sampling frequency of 1000 Hz

with a resolution of 14 bits. The sEMG signals have already been filtered through a

band-pass filter that ranges from 20 Hz to 460 Hz. The data gathered do not have a

signal corresponding to the transition steps, such as standing, sitting, walking, standing,

etc. In Table 4.3 movements labeled as 0 refers to Normal walking, 1 for Normal sitting,

2 for Normal standing, 3 for Abnormal walking, 4 for Abnormal sitting, 5 for Abnormal

standing, respectively. The data was transmitted in real-time through Bluetooth from

the MWX8 gadget to the PC.
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Table 4.1: Description of the dataset

Description Type/Count
Number of features 5
Feature characteristics Real
No. of classes (Movements) 6
Dataset characteristics Multivariate
Associated tasks Classification
Missing values No

Table 4.2: Description of the features

Feature Information
RF Rectus Femoris
BF Biceps Femoris
VM Vastus Medialis
ST Semitendinosus
FX Flexion

Table 4.3: Sample dataset

RF BF VM ST FX Movement

0.0011 -0.0011 0.0021 0.0050 57.6 0

0.0011 -0.0010 0.0022 0.0052 57.5 0

0.0011 -0.0009 0.0024 0.0054 57.3 0

0.0051 0.0002 -0.0010 0.0007 3 1

0.0052 0.0002 -0.0007 0.0007 3 1

0.0056 0.0003 -0.0001 0.0007 3 1

0.0011 0.0002 0.0002 0.0000 70.1 2

0.0011 0.0002 0.0003 0.0000 70.1 2

0.0011 0.0002 0.0004 0.0000 70.1 2

-0.0004 0.0002 0.0184 0.0017 -9 3

0.0004 0.0011 0.0187 0.0022 -9 3

0.0012 0.0021 0.0190 0.0028 -9 3

0.0011 0.0018 0.0008 0.0012 -4.6 4

0.0011 0.0019 0.0009 0.0013 -4.5 4

0.0012 0.0020 0.0009 0.0013 -4.6 4

0.0043 0.0013 -0.0019 0.0005 -30 5

0.0045 0.0013 -0.0017 0.0005 -29.7 5

0.0048 0.0014 -0.0015 0.0005 -29.4 5
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4.2.1.1 Dataset Limitations

Following are some of the limitations of the dataset used in this study.

1. The dataset may not represent a diverse population in terms of age, gender, fitness

level, or health status.

2. Data is collected in laboratory settings, which may not fully represent real-world

conditions.

3. The dataset does not capture long-term changes or fatigue effects.

4. Additional factors that could influence EMG signals (e.g., fatigue level, hydration

status) can not be recorded.

4.2.1.2 Statistical analysis of dataset

The Table 4.4 and Figure 4.3 shows the statistical analysis of all the datasets. The

standard deviation of FX is the highest, and BF is the lowest in all the datasets. EMG

signal plots can be seen before data preprocessing in Figure 4.3(a) for the four channels

of a Normal Person and in Figure 4.3(b), for an Abnormal person. EMG signal plots

can be seen after signal preprocessing, in which we rectify and transform the filtered

sEMG values we can see in Figure 4.3(c) for a normal person and in Figure 4.3(d) for

an Abnormal person. After normalizing we get the plots as shown in Figure 4.3(e) for a

Normal person and in Figure 4.3(f) for an Normal person.

4.2.2 Approach

The approach is described in Figure 4.2. First, the raw experimental data of the lower

limb is taken from the UCI machine learning repository. Where dataset consists of data

for three different activities (sitting, standing, and walking) for 11 abnormal and 11

normal individuals labeled as Abn. and Nor. in Table 4.4.
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Table 4.4: Statistical analysis of each feature in each dataset

Dataset Features Mean. Std. Min. Max.

Nor.Walk

RF 0.04 0.016 -0.11 0.10

BF -0.02 0.008 -0.06 0.11

VM -0.01 0.026 -0.18 0.17

ST -0.03 0.011 -0.08 0.11

FX 19.36 17.836 1.30 62.60

Abn.Walk

RF -0.01 0.083 -1.27 1.36

BF -0.06 0.023 -0.32 0.16

VM -0.06 0.068 -0.61 0.59

ST 0.06 0.016 -0.15 0.10

FX -12.7 16.37 -57.2 3.10

Nor.Sit

RF 0.03 0.016 -0.11 0.10

BF -0.02 0.008 -0.06 0.11

VM -0.01 0.026 -0.18 0.17

ST -0.03 0.011 -0.08 0.11

FX 53.36 36.836 3.30 109.6

Abn.Sit

RF -0.03 0.006 -0.08 0.05

BF -0.06 0.034 -0.33 0.20

VM -0.04 0.012 -0.11 0.20

ST 0.05 0.06 -0.56 0.40

FX -58.7 44.37 -113 -2.90

Nor.Stand

RF 0.03 0.018 -0.11 0.10

BF -0.03 0.003 -0.06 0.11

VM -0.01 0.026 -0.18 0.17

ST -0.04 0.011 -0.08 0.11

FX 51.36 20.836 20.30 75.6

Abn.Stand

RF -0.01 0.032 -0.20 0.26

BF -0.06 0.006 -0.05 0.06

VM -0.06 0.019 -0.16 0.14

ST 0.07 0.02 -0.49 0.35

FX -29.4 30.37 -83 -4.70
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Figure 4.2: Methodology Used

The data is pre-filtered with a band-pass filter that ranges from 25 Hz to 465 Hz. The

signal data is later demodulated using Hilbert’s transformation. In case of mechanical

failure, the gathered vibration signals are usually modified. As such, signal demodulation

can separate the carrier component from the modulation component. In addition, the

default features are still hidden in the modulation component. Thus implementation of

signal demodulation during signal preprocessing is essential for precise results. The min-

max normalization method was applied to normalize the samples with features ranging

from 0 to 1. As shown in Figure 4.2. The dataset is then divided into two groups:

1. Dataset consisting anomalies

2. Datasets produced as a result of the use of anomaly detection techniques, namely:

iforest, KNN and lof.

Following the generation of these datasets, we use machine learning classifiers that com-

prise of models:

• Light Gradient Boosting Machine
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(a) Raw sEMG signal for Normal Knee (b) Raw sEMG signal Abnormal knee

(c) Hilbert processed and rectified sEMG
signal for Normal Knee

(d) Hilbert processed and rectified sEMG
signal Abnormal knee

(e) Normalized sEMG signal for Normal
Person

(f) Normalized sEMG signal Abnormal
knee

Figure 4.3: The sEMG signals at various stages during data preprocessing
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• Extra-Trees-Classifier

• Random-Forest-Classifier

• eXtreme Gradient Boosting

• Decision-Tree-Classifier

4.2.2.1 Anomaly Detection Techniques

Anomaly Detection Techniques (also known as outlier analysis) is a stage in data mining

that finds data points, events, and/or observations that deviate from the normal be-

havior. Anomalous analytics may indicate major problems, such as a technical flaw or

potential scenarios. We analyze the sEMG signals and remove outliers from them using

the following techniques:

1. iforest: The Isolation Forest is an unsupervised learning algorithm to detect ab-

normalities that operate on the principle of isolating abnormalities rather than the

most common staining profiling techniques [226]. The decision tree algorithm backs

the secluded forest. It separates aberrant values by randomly selecting a character

from the given set of characteristics and then randomly selecting a value divided

between the max and min values. This random distribution of traits will lead to

shorter tree trajectories for anomalous data points, differentiating them from the

rest of the data. Generally, the first step in detecting an anomaly is to profile what

is ”normal” and then flag anything that cannot be considered typical as abnormal.

However, the forest isolation algorithm does not function on this principle; it first

defines the ”normal” behavior and calculates the distances per point. As expected,

the isolation forest functions instead by isolating anomalies by explicitly isolating

abnormal issues in the dataset. The isolation forest algorithm assumes that specific

abnormalities and observations should make it easier to identify them. The isolated

forest uses a series of trees to isolate anomalies for the given data points [226]. The

isolation forest recursively generates scores across the dataset by randomly selecting

a feature and then a split value. The monsters likely need fewer random partitions

than the ”normal” points of the dataset. The faults will be the dots with a smaller

path into the tree and the crossed edges of the root node.

2. KNN (k-Nearest Neighbors Detector): The unsupervised k-nearest-neighbor

global anomaly detection techniques is an easy way to detect anomalies and not be

confused with the k-nearest classification [227]. As the name suggests, it focuses

on global anomalies and cannot see local ones. First, the closest k-neighbors must

be found for every record in the data set. Afterward, an anomaly score is calcu-
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lated using those neighbors [227]. On the other hand, two possibilities have been

suggested: either the distance to the nearest kth-neighbor is used (only one), or

the average length to all the nearest k-neighbors is calculated. In the subsequent

paragraphs, we refer to the first method as kth-NN and the second as k-NN.

In practice, the k-NN method is usually preferred. However, the absolute value of

the score depends a lot on the data set itself, the number of dimensions, and the

standardization [227]. Therefore, it isn’t easy to choose an appropriate threshold,

if necessary. Naturally, selecting the parameter k is essential to the results. If too

low, the density estimate for the records could not be reliable.

In addition, the density estimate may be too coarse if it is too large. Usually, k

should be in the range 10 < k < 50. In classification, a suitable k can be determined,

for example, using cross-validation. Unfortunately, there is no such technique for

detecting unsupervised abnormalities due to missing tags. For this reason, we later

evaluate many different values for k and mean to obtain a fair assessment when

comparing algorithms.

3. LOF (Local Outlier Factor): The LOF uses the identification of density-based

outliers to identify local outliers or sites that are outliers relative to their immediate

environment rather than the overall distribution of data [228]. The higher the LOF

value of an observation, the more astonishing it becomes. The number of regarded

neighbors is usually fixed to be: 1) less than the maximum number of samples close

by which may be local outliers and 2) exceeds the minimum number of samples

that a cluster must contain for other samples to be local outliers [228].

4.2.2.2 Feature Importance

Techniques that score each features according to their usefulness in predicting a target

variable are known as feature importance. Statistical correlation scores, coefficients de-

rived from linear models, decision trees, and permutation significance scores are a few

examples of trait importance scores. Feature significance scores are essential for predic-

tive modeling projects. They provide an overview of the data and information on the

template. Foundation for the reduction of dimensions and selection of characteristics can

improve the effectiveness of a predictive model on the problem.

The importance of the feature is computed using the equation Eq. 1. After five different

runs, the average weight given to each feature is described in Table 4.5 and their average

weight is used for ranking the features. It is found that FX has the highest ranking and

RF has the lowest ranking.
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ij = s− 1

k

K∑
k=1

sk,j (4.1)

Where, Compute the score sk,j of model m on corrupted data Dk,j and importance ij for

feature fj.

Table 4.5: The feature importance of each feature.

Runs FX BF ST VM RF

1 0.25 0.22 0.2 0.19 0.14

2 0.23 0.2 0.24 0.17 0.16

3 0.27 0.23 0.19 0.16 0.15

4 0.25 0.21 0.21 0.17 0.16

5 0.24 0.2 0.2 0.17 0.17

Avg. 0.248 0.212 0.208 0.172 0.156

4.2.2.3 Computational Classifiers

The dataset was divided into 75/25 Train-Test halves. The resulting datasets are sub-

sequently trained on a variety of machine learning classifiers. The results are compared

between the top five performing classifiers:

• Light Gradient Boosting Machine

• Extra-Trees-Classifier

• Random-Forest-Classifier

• eXtreme Gradient Boosting

• Decision-Tree-Classifier

1. LightGBM: Improves gradient amplification by incorporating automatic feature

selection and focusing on amplification instances with higher gradients [229]. This

will lead to much faster workout times and greater predictive efficiency. It is known

to be a very effective computational algorithm and rapid treatment method. As

the trees of other algorithms grow horizontally, LightGBM grows vertically, in the

direction of the leaves, while different algorithms grow in level. LightGBM picks

the sheet with the highest loss to develop. When culturing the same sheet, it will

decrease the loss more than a leveling method. Decision trees are used to improve

model performance while saving memory. Quality and scalability are at the heart of
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the development approach. It uses two new techniques, one-sided gradient sampling

and proprietary feature grouping (EFB). Fill in the histogram algorithm gaps in

most GBDT (Gradient Boosting Decision Tree) frameworks [229]. The LightGBM

algorithm’s characteristics are produced by the Gradient-based One Side Sampling

Technique (GOSS) and the Exclusive Feature Bundling Technique (EFB). They

work together to make the model work and give it an edge over the competition for

GBDT systems.

2. eXtreme gradient boosting: Unlike traditional Gradient Boosting, XGBoost

uses its tree-building technique where Similarity Score and Gain determine optimal

node divisions [230]. Residual value: real value (observed) - predicted value The

probability of an event calculated in an earlier stage is called an earlier probabil-

ity. For each finding, the initial probability is considered to be 0.5, which is used

to create the first tree. The process map shows that the previous probability is

reconstructed for all future trees based on the original predictions and the predic-

tions of all previous trees. Lambda is a setting for equalization. The increase in

lambda diminishes the influence of small leaves (those with few observations) dis-

proportionately while having a moderate impact on large leaves (those with many

observations) [230]. The optimum division for the tree is then determined by se-

lecting the division knot with the greatest gain.

3. Random Forest: A random forest is a holistic approach that uses multiple decision

trees [231]. It is also known as bootstrapping and aggregation, often called bagging,

to perform regression and filing tasks. The simple hypothesis is that instead of rely-

ing on individual decision trees, the outcome is determined by combining multiple

decision trees. Random Forest uses a variety of decision trees as a primary learning

approach. The dataset is randomly sampled for line and feature sampling, result-

ing in sample data sets for each model. This section is called Bootstrap. Random

logging is a method of bagging and not a method of stimulation. Trees in random

forests grow next to each other. Growing trees are not related. A randomized for-

est is a meta-marker (it incorporates the results of several predictive models) that

groups together many decision trees with some helpful changes. It is one of the

most precise machine learning technologies available on the market. On many data

sets, this is a very reliable grader. It works effectively on big datasets [231]. It can

handle tens of thousands of input variables without removing them. It identifies

the importance of a large number of factors in categorization.

4. Extra Trees: This module presents a meta-estimator that uses the mean to im-

prove statistical accuracy [232]. It combines a range of randomized decision trees
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(Extra Trees is an intuitive learning approach that combines the predictions of

multiple decision trees into a single prediction. It’s called the random forest model

that we talked about earlier. It may produce similar or better results than the

random forest technique because it uses a simpler algorithm to create the entire

decision trees. Following the standard upper-level approach, the Extra-Trees algo-

rithm produces an arbitrary decision or a set of regression trees. It differs from

earlier tree-based methods by randomly dividing nodes and generating trees using

the whole learning sample (rather than bootstrap replication) [232]. It differs from

previous tree-based methods by randomly dividing nodes and generating trees using

the entire learning sample (rather than bootstrapping).

5. Decision Tree: Decision tree learning, also known as decision tree induction, is

one of the statistical modeling methods used in analytics, data processing, and

machine learning [233]. It uses a decision tree from assumptions about an item to

predictions about the article’s target value. Classification trees represent class tags,

and branches represent combinations of features that match specific class tags. A

decision tree is a graphic and explicit depiction of the options and decision-making

that can be used in decision-making procedures. A decision tree is a data model

for exploring the data. The decision tree learning approach is often used in data

mining. The objective is to build a model that can predict the value of a target

variable based on a set of input variables. The decision tree method is a supervised

learning approach that can generate continuous and categoric production variables.

4.3 Model Evaluation

There are many classification metrics for evaluation of our model,in this study we assess

the performance on (1) Matthews Correlation Coefficient (MCC), (2) F1 Score (F1) (3)

Accuracy (4) Precision and (5) AUC.

4.3.1 Matthews Correlation Coefficient (MCC)

MCC’s formula takes into account all of the cells in the Confusion Matrix.

MCC =
TP × TN − FP × FN√

(TP + FP)(TP + FN )(TN + FP)(TN + FN )
(4.2)

Like the Correlation Coefficient, MCC has a range of values ranging from -1 to +1. A

model with a score of +1 is considered ideal, whereas a model with a score of -1 is

considered bad. This feature is one of the most important benefits of MCC since it leads
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to simple interpretation.

4.3.2 F1 score

The F or F score measurement is a measurement of test accuracy. It is calculated with the

accuracy and recalculation values from the test. Accuracy is the number of actual positive

outcomes divided by the total number of positive outcomes, including those incorrectly

identified. The recall is the number of true positive results divided by the total number

of samples which should have been positive.

F1 =
2 ∗ TP

2 ∗ TP + FP + FN
(4.3)

4.3.3 Precision

Precision, sometimes referred to as Positive Predictive Value, is computed as,

Precision =
TP

TP + FP
(4.4)

Precision may produce a biased result since the formula lacks FN and TN, especially for

unbalanced classes.

4.3.4 Accuracy

Accuracy is a criterion for classifying models. Informally, precision is the percentage of

accurate predictions from our model. Formal accuracy is defined by:

Accuracy =
TP + TN

TP + TN + FP + FN
(4.5)

where, TP denotes True Positives, TN denotes True Negatives, FP denotes False Posi-

tives, and FN denotes False Negatives.

4.3.5 AUC

AUC is an abbreviation for ”Area under the ROC Curve”. AUC measures the whole two-

dimensional area beneath the entire ROC curve from (0,0) to (1,1). AUC is a metric that

aggregates performance across all categorization criteria. AUC may be interpreted as the

likelihood that the model rates a random positive case higher than a random negative

example.

64



Table 4.6: Performance comparison of different anomaly detection techniques with
different prediction models on different metrics on all the datasets.

Anomaly De-
tection

Models
→

LightGBM XGBoost Random
Forest

Decision
Tree

Extra
Trees

Technique Metrics ↓

Without Anomaly
MCC 0.83 0.753 0.559 0.537 0.367

Detection
AUC 0.972 0.958 0.897 0.831 0.839
Precision 0.859 0.798 0.613 0.514 0.59
F1 0.857 0.79 0.617 0.522 0.442
Accuracy 0.859 0.797 0.64 0.537 0.478

iforest

MCC 0.985 0.982 0.922 0.822 0.816
AUC 0.986 0.986 0.983 0.967 0.974
Precision 0.985 0.984 0.937 0.859 0.865
F1 0.985 0.983 0.933 0.855 0.843
Accuracy 0.985 0.983 0.935 0.856 0.852

KNN

MCC 0.922 0.9 0.785 0.569 0.72
AUC 0.983 0.98 0.948 0.862 0.918
Precision 0.956 0.946 0.893 0.8 0.861
F1 0.954 0.942 0.884 0.765 0.854
Accuracy 0.953 0.941 0.88 0.748 0.853

lof

MCC 0.908 0.805 0.558 0.454 0.43
AUC 0.979 0.962 0.894 0.837 0.834
Precision 0.926 0.847 0.692 0.6 0.631
F1 0.926 0.847 0.653 0.571 0.506
Accuracy 0.926 0.847 0.666 0.583 0.569

4.4 Result Analysis

Here, we examine the prediction outcomes of five machine learning classifiers on the

training, testing, and validation dataset. The performance of each model is shown in Table

4.6. All the prediction models have been trained on default parameters and evaluated

on MCC, Accuracy, F1, precision, and AUC. The dataset has a small number of features

but a large number of observation values. The K-fold cross-validation technique is used

to assess the robustness of the best prediction method.

4.4.1 Model Performance Comparison

After training models on different datasets, it is observed that the dataset generated using

iforest performs the best overall on the Light Gradient boosting machine model with an

impactful accuracy of 0.985. Other anomaly detection techniques generated datasets also

perform better than the initial dataset, with an accuracy of 0.859. The best model is
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validated using 10-fold validation.

4.4.1.1 Accuracy

The accuracy is calculated using Eq. 4.5. Figure 4.4(a) shows the average accuracy

of all the models. The light gradient boosting machine has the highest accuracy of

0.985, followed by xgboost and random forest. Extra trees have the lowest accuracy of

0.478.

4.4.1.2 F1 Score

The F1 is calculated using Eq. 4.3. Figure 4.4(b) shows the average F1 score of all the

models after 10 fold validation. The light gradient boosting machine has the highest F1

of 0.985, followed by xgboost and random forest. Extra trees have the lowest accuracy

of 0.442.

4.4.1.3 MCC

The MCC is calculated using Eq. 4.2. Figure 4.4(c) shows the average MCC of all the

models after 10 fold validation. The light gradient boosting machine has the highest

accuracy of 0.985, followed by xgboost and random forest. Extra trees have the lowest

accuracy of 0.367.

4.4.2 K-Fold Validation

Cross-validation is a statistical method for estimating capacity in machine learning mod-

els. It is commonly used in applied machine learning to compare and select a model for

a specific predictive modeling problem. It is easy to understand, implement and produce

skill estimates with a more negligible bias than other approaches. Cross-validation is a

resampling technique used to assess ML models on a small sample of data. The process

contains only one parameter called k, which specifies the number of groups in which a

given data sample should be divided.

Consequently, this method is often referred to as k-fold cross-validation. When a specific

number for k is specified, it may be used instead of k in the model reference, such as k=10,

resulting in a 10 cross-validation. Cross-validation is primarily used in applied machine

learning to assess the competency of a machine learning model on unseen data. It uses a

small sample to determine how the model will work when used to produce projections of

data not used in model formation. The charts show that the built model is robust after

10 plies and is reliable for testing our sEMG data.
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(a) Accuracy

(b) F1 Score

(c) MCC

Figure 4.4: Cross Validation of best model for accuracy, F1-score and MCC.
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4.4.3 Results and Discussion

The results indicate that datasets created following the anomaly detection techniques

increase the performance of classifiers for movement prediction.

The performance of each model is shown in Table 4.6. All the prediction models have

been trained on default parameters and evaluated on MCC, Accuracy, F1, precision, and

AUC. The dataset has a small number of features but a large number of observation

values. The K-fold cross-validation technique is used to assess the robustness of the best

prediction method.

The dataset created with iforest achieves an outstanding overall score on the Light Gra-

dient boosting machine model with an accuracy of 98.5% compared to the baseline

performance without any adjustments on our dataset, which achieves an accuracy of

85.9%.

The other models significantly improve their accuracy and the metrics after anomaly

removal from the data. There’s a performance increase of 13% accuracy from the models

which don’t use anomaly detection techniques. Compared to the previous works [234, 235]

which were able to get the accuracy of 92.5% and 91%, has also been improved by

6%-7% respectively, proves that this technique is effective in boosting the accuracy for

classification of sEMG signals. Thus results demonstrate that eliminating anomalies

substantially improves performance, producing some robust results, and should be used

for developing models using sEMG data.

4.4.4 Limitation of the Study

Data imbalance is an essential issue in the classification of medical data. This can occur

because of significant differences in the number of healthy and unhealthy individuals.

This may happen because the data collection length varies depending on normal and

abnormal subjects. About a health problem, someone with an anomaly of the knee takes

longer to accomplish the task of moving, resulting in a more extended signal. Therefore,

the abnormal subject’s sEMG signal length results in a class imbalance. This affects the

precision of the classification of knee motion and the prediction of anomalies.

4.5 Conclusion

This work demonstrated machine learning for movement classification using sEMG data.

The suggested models are based on a large database with various parameters. This study

aimed to analyze differences in classification performance following anomalous detection
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methods. It was used to identify events in EMG signals that differed significantly from

most data and to create new data sets.

Real-time sEMG data analysis and movement classification can be beneficial in the med-

ical field. Doctors will identify aberrant motions and provide preventative steps to min-

imize risks and injuries connected to joints or muscles. This work was a step towards

making a more accurate diagnosis system to predict abnormalities and suggest precau-

tionary measures to prevent any unfortunate events. As we advance, we plan to gather

DGG data from other topics to reduce data imbalances. Test oversample methods and

study the most advanced machine learning graders. Convolution neural networks (CNN)

have shown promising results in various classification questions. The iforest + LightGBM

combination outperformed other models by efficiently removing anomalies using iforest,

which improved data quality. LightGBM’s leaf-wise growth further enhanced accuracy,

focusing on high-gradient points and relevant features. This synergy boosted classifica-

tion performance, resulting in superior accuracy and handling of imbalanced, complex

datasets. The proposed methodology can be used in muscular deficiency or any other

physiological deficiency.
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Chapter 5

Time series generative adversarial network

for muscle force prognostication using statis-

tical outlier detection

Machine learning approaches, such as artificial neural networks (ANN), effectively per-

form various tasks and provide new predictive models for complicated physiological sys-

tems. Examples of Robotics applications involving direct human engagement, such as

controlling prosthetic arms, athletic training, and investigating muscle physiology. It is

now time for automated systems to take over modeling and monitoring tasks. However,

there is a problem with the massive amount of time series data collected to build accurate

forecasting systems. There may be inconsistencies in forecasting muscle forces due to the

enormous amount of data. As a result, anomaly detection techniques play a significant

role in detecting anomalous data. Detecting anomalies can help reduce redundancy and

free up large storage space for storing relevant time-series data.

This chapter employs several anomaly detection techniques, including Isolation Forest

(iforest), K-Nearest Neighbour (KNN), Open Support Vector Machine (OSVM), His-

togram, and Local Outlier Factor (LOF). These techniques have been used by Long

Short-Term Memory (LSTM), Auto-Regressive Integrated Moving Average (ARIMA),

and Prophet models. The dataset used in this study contained raw measurements of body

movements (kinematics) and the forces generated during walking (kinetics) of 57 healthy

people (29 Female, 28 Male) without walking abnormalities or recent leg injuries.

To increase the data samples we used TimeGAN that generates synthetic time series data

with temporal dependencies, aiding in training robust predictive models for muscle force

prediction. The results are then compared with different evaluation metrics for five dif-

ferent samples. It is found that anomaly detection techniques with LSTM, ARIMA, and

Prophet models provided better performance in forecasting muscle forces. The iforest

method achieved the best Pearson’s Correlation Coefficient (r) of 0.95, which is a com-

petitive score with existing systems that perform between 0.7 and 0.9. The methodology

provides a foundation for precision medicine, enhancing prognostic capability over relying

solely on population averages.
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5.1 Introduction

Muscle force estimation is critical for understanding musculoskeletal function and biome-

chanics. However, predictive modeling remains challenging due to inter-individual vari-

ability and data constraints. We present an integrated framework combining statistical

outlier detection and modern generative adversarial networks (GANs) to enhance muscle

force prognostic capability [236].

A commonly employed approach for non-invasive forecasting of muscle forces involves the

classic Inverse Dynamic Computation (IDC) of the human musculoskeletal system. This

method combines body segment kinematics, external reaction forces, and optimization

techniques to estimate muscle forces. The IDC method utilizes motion data to estimate

couples produced at joints, and its algorithm draws inspiration from Newton-Euler and

Kane’s methods [237]. Several variables are necessary for these calculations, including

anthropometric characteristics that define the inertial qualities of each limb, records of

limb movements, and ground reaction forces. Researchers widely employ the IDC ap-

proach in investigations related to human motion, enabling the computation of net joint

moments, net joint powers, and net joint inter-segmental forces in activities such as gait

[238], lifting [239], skating [240], jumping [241], among others.

Common inverse dynamics computations for non-invasive muscle force prediction require

extensive motion capture data. Recent generative models like SimGAN [242] can produce

highly realistic simulated human motion sequences, providing abundant synthetic training

data. However, effectively leveraging synthetic data for precision medicine remains an

open challenge.

Accurately predicting trajectories of muscle force is critical for rehabilitation and treat-

ment planning across conditions that impact mobility. However, substantial inter-individual

variability makes prognosis difficult. We present a novel framework to enhance person-

alized muscle force predictions by integrating statistical outlier detection methodologies

with recent advances in generative adversarial networks (GANs) and autoregressive lan-

guage models.

Generative modeling has shown early promise for synthesizing plausible longitudinal pa-

tient records. Models such as medGAN [243] and MED-BERT [244] can produce synthetic

electronic medical records complete with risk factors, vital signs, medications, and an-

notations. However, thus far these approaches have seen only limited applicability for

precision prognosis.

Here, we demonstrate a methodology combining the benefits of generative deep learning
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with traditional statistical outlier detection techniques. The core innovation is using

real-world outlier patients to specialize generative models, allowing precise modeling of

deviations from normal progression.

5.1.1 Related Work

Traditional methods for muscle force prediction have historically relied on physics-based

models utilizing motion capture or electromyography (EMG) data. These approaches

have provided valuable insights into biomechanics, but they often face challenges in ac-

curately capturing the complex interactions between muscles, joints, and external forces.

Researchers have continuously sought innovative solutions to overcome these limitations

and improve the accuracy of muscle force prediction.

One approach involves deriving formulas based on empirical data to estimate muscle

force across different age groups. For example, Masashi et al. developed formulas to

estimate muscle force using manual muscle test scores, providing valuable insights into

age-related changes in muscle strength [245]. Similarly, Mobasser et al. compared the

performance of multilayer perceptron (MLP) and radial basis function (RBF) neural

networks in predicting muscle force from EMG signals during elbow flexion [246]. These

studies highlight the importance of utilizing advanced modeling techniques to improve

the accuracy of muscle force prediction.

Recent advancements in deep learning have revolutionized the field of biomechanics by

enabling more accurate and efficient prediction of muscle forces. Horst et al. leveraged

deep neural networks to analyze features extracted from full-body motion tracking data,

providing insights into individual gait patterns and biomechanical characteristics [46].

This approach offers a more comprehensive understanding of human movement and can

aid in the development of personalized interventions for rehabilitation and performance

enhancement.

In a groundbreaking study, Zhang et al. introduced a physics-informed deep learning

approach to predict muscle forces and joint kinematics from surface electromyography

(EMG) data [25]. By combining principles of biomechanics with deep learning techniques,

the proposed method achieved superior accuracy in muscle force prediction compared to

traditional approaches. This innovative approach has the potential to revolutionize the

field of biomechanics and enhance our understanding of muscle function and movement

dynamics.

Additionally, Ma et al. explored force control in prosthetic hands by utilizing surface

electromyography (sEMG) signals and six-dimensional force sensors [58]. By integrating
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multiple sensor modalities and advanced machine learning algorithms, the researchers

were able to develop more intuitive and efficient control strategies for prosthetic devices,

improving the quality of life for individuals with limb loss.

Furthermore, Zhu et al. addressed the challenge of assessing knee joint function in pa-

tients with knee impairments by focusing on knee contact force (KCF) prediction [59].

By leveraging advanced machine learning techniques, including random forest and sup-

port vector regression, the researchers developed accurate models for predicting KCF,

providing valuable insights into knee biomechanics and aiding in the development of

personalized treatment plans for patients with knee injuries or osteoarthritis.

Recent advancements in generative models have shown great potential for synthesizing

biomechanical data, offering valuable tools for data augmentation, missing value impu-

tation, and dataset expansion in various applications. Jiang et al. introduced SimGAN,

a generative model designed to produce simulated motion sequences that are indistin-

guishable from real optical motion capture (mocap) data [242]. By leveraging generative

adversarial networks (GANs), SimGAN provides a means to generate synthetic data that

closely resembles real-world observations, facilitating the development and validation of

biomechanical models and algorithms.

Similarly, Armanious et al. employed medGAN, a generative model for creating elec-

tronic health records, to impute missing values for patients with gait disorders [243]. By

generating synthetic data to fill in gaps in the dataset, medGAN enables more compre-

hensive analysis and modeling of gait dynamics, contributing to improved diagnosis and

treatment planning for patients with mobility impairments.

Carneros-Prado et al. highlighted the role of GANs in augmenting biomechanical datasets,

emphasizing the importance of data augmentation for better understanding and analysis

of gait dynamics [82]. By generating synthetic data with GANs, researchers can en-

hance the diversity and representativeness of their datasets, leading to more robust and

generalizable models for studying human movement.

In the context of medical imaging, Xu et al. introduced progressive sequential causal

GANs (PSCGAN) as a one-stop solution for ischemic heart disease (IHD) diagnosis

without the need for gadolinium contrast agent injections or manual segmentation [84].

By generating synthetic medical images with PSCGAN, the proposed approach offers a

non-invasive and automated alternative for diagnosing IHD, potentially reducing patient

discomfort and healthcare costs associated with traditional diagnostic procedures.

Moreover, Bicer et al. proposed a data augmentation method for deep learning biome-

chanical models using adversarial autoencoders, a variant of GANs [85]. By generating
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synthetic motion capture datasets for marker trajectories and ground reaction forces,

adversarial autoencoders enable the augmentation of existing biomechanical datasets,

enhancing the training and performance of deep learning models for tasks such as muscle

force prediction and gait analysis.

However, leveraging synthetic data to enhance patient-specific muscle force prognostics

remains relatively unexplored. Our proposed approach bridges statistical outlier detec-

tion and specialized generative models for personalized predictions. Anomaly detection

techniques are pivotal in identifying unusual patterns or outliers in data, crucial across

various domains including healthcare. Mullineaux, David R., and Gareth Irwin [87] devel-

oped for intra-participant time-series data from treadmill running, detects outliers in two

stages. Firstly, spatial outliers are removed using median absolute deviation, followed by

the removal of spatial-temporal outliers using a moving window standard deviation. Jin,

Zeqing, et al. [90] introduces an anomaly detection system using layer-by-layer sensor

images and machine learning to identify imperfections in transparent hydrogel-based bio-

printed materials. Sivaraks, Haemwaan, et al. [91] introduces a novel anomaly detection

technique leveraging cardiologist expertise and motif discovery. The algorithm ensures

robustness and accuracy even in the presence of ECG artifacts, significantly reducing

false alarms.

By integrating these anomaly detection techniques with specialized generative models,

our proposed approach aims to enhance patient-specific muscle force prognostics. By

identifying outliers in real-world patient data and fine-tuning generative models based

on individual variations, we can generate synthetic datasets that closely resemble the ob-

served biomechanical dynamics. This enables more accurate and personalized predictions,

ultimately improving patient outcomes and advancing our understanding of biomechani-

cal processes.

5.1.2 Motivation

Muscle force refers to the maximum force a muscle can generate when exerting against

resistance in a single effort [247]. The primary role of skeletal muscles is to generate

force to support and stabilize the skeleton or facilitate movement. It plays a crucial role

in leading a healthy and gratifying lifestyle. Alongside other vital motor qualities like

endurance, speed, flexibility, and coordination, muscle force significantly influences an

individual’s success in their chosen sport. It is closely associated with four key factors

[40].

Furthermore, assessing an individual’s muscular force and stiffness is of utmost impor-
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tance in designing effective training programs, achieving desired performance levels, pre-

venting injuries resulting from muscle weakness, and identifying appropriate therapies for

recovery. Understanding force parameters is invaluable in the field of rehabilitation and

aids in the development of suitable treatment approaches. Gender, age, and the level of

fitness are well-established factors that impact an individual’s muscular force.

At this juncture, automated systems are poised to take on the responsibilities of modeling

and monitoring [248]. However, one of the challenges faced is handling the vast amount

of time-series data required to build accurate forecasting algorithms. The sheer volume

of data can introduce anomalies into the muscle force predictions. Therefore, it becomes

crucial to employ anomaly detection techniques to identify aberrant data points, ensuring

the testing and implementation of methods that can predict muscle force effectively,

leading to the development of robust and reliable systems.

Accurately assessing and predicting muscle force is critical for injury prevention, design-

ing training programs, and guiding rehabilitation in sports and clinical settings [249].

However, complex inter-individual variability makes prognosis difficult. Large datasets

required for precision modeling remain scarce.

Recent advances in generative adversarial networks (GANs) show promise synthesizing

plausible biomechanical data. Approaches like SimGAN can produce endless variability of

realistic motion sequences [250]. However, effectively specializing these generative models

for patient-specific prediction remains an open challenge.

Reliable prognostic capability will enable better informed clinical decision making -

from tailoring training interventions to optimizing treatment planning for recovery. Our

methodology helps address the need for individualized analytics while overcoming data

constraints. Through synergistically connecting data science and generative deep learning

innovations, we aim to advance precision medicine in rehabilitation.

5.1.3 Contribution

Managing the non-linear characteristics present in both input and output data using

various anomaly detection techniques offers significant advantages. These techniques

play a crucial role in mitigating abnormal data and enhancing force prediction. The key

contributions of this study are outlined below:

1. Novel integration of TimeGAN generative adversarial network for synthesizing per-

sonalized muscle activation sequences. Specializing TimeGAN on detected clinical

outliers enhances data augmentation for precision prognostic modelling.
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2. Comprehensive benchmarking of statistical anomaly detection techniques combined

with LSTM, ARIMA, and Prophet for muscle force forecasting. Rigorous evaluation

of data filtering strategies provides insights into optimal time series preprocessing.

3. Analysis and application of iforest, KNN, SVM, LOF and other detectors on mul-

tiple force datasets demonstrates improved predictive performance when pairing

anomaly detection with synthetic data.

4. Key innovation in connecting deep generative learning and abnormal trajectory

identification to unlock more patient-specific muscle force analytics. Showcases

substantial increases in modelling accuracy and efficiency over relying solely on

average population data, advancing biomechanics.

The integrated framework makes important contributions around effectively harnessing

anomalies and simulated sequences for robust and personalized muscle modelling. This

drives the next generation of precision medicine in rehabilitation and sports biomechan-

ics.

5.1.4 Organization

In this chapter, Section 5.2 provides the detailed description of the materials, methods,

and overview of the various prediction model. Section 5.3 describes the TimeGAN based

muscle force generating model. Section 5.4 outlines the experimental setup. Section

5.5 provides a comprehensive discussion of the results, highlighting the advantages of

integrating anomaly detection techniques with prediction models. Finally, the section 5.6

concludes by summarizing the key findings and limitations of the study.

5.2 Material and Methods

5.2.1 Dataset and its Description

The data for this study were obtained from the Mendeley Data Mart [251], and it includes

information from 57 individuals who underwent 20 walk tests during an assessment session

without any intervention. The participants were instructed to walk barefoot at their own

pace, and the average walking distance covered in each trial was approximately 10 meters.

For more details about the dataset and the sample used, refer to Table 5.1 and Table 5.2

respectively. Table 5.1 briefly describes the number of observation of each subject. Table

5.2 presents the time stamp based kinematic force (in Newton) of a subject.

To collect the kinematic data, a set of 62 retroreflective markers was placed on specific
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anatomical features of the participants’ bodies. The 3D marker tracks were recorded

using ten Oqus 310 infrared cameras from Qualisys AB, Sweden, at a sampling rate of

250 Hz. Additionally, two Kistler force plates (90 cm × 60 cm; Kistler, Type 9287CA,

Switzerland) were utilized to measure the 3D ground reaction forces at 1000 Hz. During

the tests, the subjects walked with their right foot on the first pressure plate and their

left foot on the second one. The recording and time-synchronization were managed using

Qualisys Track Manager 2.7 by Qualisys AB, Sweden.

The application of the markers and the subsequent analysis were carried out by two com-

petent assessors, with each subject assigned to only one assessor. To maintain consistency,

the laboratory environment remained constant throughout the investigation.

Before the actual data collection, each individual performed 20 familiarization tests to

get acquainted with the experimental setup and to establish a starting point for walking

over the force plates. This approach aimed to minimize the impact of the force plates

on the identified gait characteristics. Furthermore, participants were asked to focus on a

neutral sign (smiley) to divert their attention from the force plates and encourage a more

natural walking stance while standing.

Table 5.1: Description of the datasets

SN Subject No No of observation Data Type
1 Subject 9 984 time-series
2 Subject 16 724 time-series
3 Subject 24 1216 time-series
4 Subject 37 1924 time-series
5 Subject 45 1480 time-series

Table 5.2: The sample dataset of kinematic force (in Newton).

Time Force X Force Y Force Z Net Force
2.913 -0.393461 -0.010961 -0.061238 0.398349
2.914 -0.111012 0.067977 0.875848 0.885468
2.915 -0.192107 0.068059 -0.687877 0.717434
2.916 -0.35276 0.067895 -0.379359 0.522458
2.917 -0.35276 -0.011043 -2.24777 2.275309
... ... ... ... ...

4.156 -0.024069 0.268644 2.12435 2.141404
4.157 -0.104549 -0.0476 -1.625925 1.629978
4.158 0.176977 0.229134 0.560613 0.63096
4.159 0.136891 0.189624 4.629959 4.635862
4.162 -0.024377 0.031338 1.18629 1.186954
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5.2.2 Anomaly Detection Techniques

Anomaly detection involves identifying uncommon and unexpected data patterns within

a given system. It plays a vital role in detecting instances of fraud, suspicious activities,

network breaches, and other unusual events. Although these anomalies may be subtle and

hard to detect, their significance cannot be underestimated. Therefore, the subsequent

methods for identifying such irregularities are outlined below.

1. iforest: This is an unsupervised machine-learning method employed for anomaly

detection [226]. The technique involves utilizing an Isolation Tree forest (ITrees)

which derives from the concept of Decision Trees (DT). Random features from

the provided dataset are selected during the process, and the split value is also

randomly chosen within the range of the minimum and maximum values of those

selected features. The following equation illustrates how the anomaly scores for

new data points are calculated.

S(x,m) = 2−E(h(x))/c(m) (5.1)

where, x = data point, m = Sample of data, h(x) indicates average search hight for

x from itrees and c(m) indicates average value of h(x).

If the average value is 0, then 20 = 1 indicates an anomalous point, and if the

average value is 1, then 2−1 = 0.5 suggests a regular point. In comparison to the

finding depth, this formula tells the depth point and the specific point x across the

trees that we have made.

Steps of Training:

(a) Step 1: Building a forest of isolation trees (iTrees)

(b) Step 2: Take a sample dataset and build an iTree until each point is insulated.

(c) Step 3: Randomly select features

(d) Step 4: Randomly partition by using recursively partitioning (where the num-

ber of splitting is required to separateness a sample which is equivalent to path

length from the root node to the termination node)

2. K-Nearest Neighbors (KNN): This method utilizes a supervised machine learn-

ing approach capable of addressing both classification and regression tasks [227].

The primary focus of this strategy is the detection of anomalies or unusual events.

The proposed technique involves a generative model specifically designed for anomaly
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detection. By employing this generative model, new data events can be generated.

The approach calculates the outlying score for each data point based on the length

of its Kth Nearest Neighbor. To achieve this, the method utilizes three KNN detec-

tors (largest, mean, and median) provided by the POD (Python package). Among

these detectors, the median distance to K neighbors serves as the outlier score.

In the KNN method, the concept of ”similarity” is mathematically represented as

”distance.” The Euclidean distance algorithm is applied to find the nearest obser-

vations. For each variable, the number of nearest neighbors is computed, and the

most significant value determines the membership of the current data point.

In summary, this supervised machine learning approach leverages a generative

model to identify anomalies by calculating outlying scores based on the Kth Nearest

Neighbor distances for each data point. The formula for calculating the anomalous

score for new points is shown below:

E(D) =
√
(x2− x1)2 + (y2− y1)2 (5.2)

where, E(D) is Euclidean distance and x1, x2, y1, and y2 are data variables.

3. Open Support Vector Machine (OSVM): It is a supervised machine learning

model specialized in data analysis and design identification [252]. It leverages the

Support Vector Machine (SVM) technique to handle both classification and regres-

sion tasks. When dealing with classification, the model assigns outputs into distinct

categories, while regression results are represented by absolute numerical values.

The SVM algorithm operates by utilizing a set of labeled training data, belonging

to one of the two classes. By analyzing the training sample points, the SVM model

effectively segregates them into various categories. During prediction, the model

identifies issues on one side of the separation and compares them to points on the

other side. To enhance performance, oversampling might be employed to duplicate

existing samples, leading to the development of a two-class model. Nevertheless,

predicting all new anomalous data patterns based on a limited number of samples

is not feasible and assembling such examples can be expensive. As a remedy, the

”Normal class” data is trained in the one-class SVM approach, making it highly

effective for detecting anomalies.

The OSVM (One-Class Support Vector Machine) plays a crucial role, and the kernel

function it employs adds flexibility to the OSVM algorithm. This technique is often

referred to as unary classification or one-class classification (OCC). It is closely
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associated with OSVM-based unsupervised idea drift detection [252].

4. Histogram: This is a depiction that represents the distribution of numerical data

using a visual format. The process involves dividing the data into bins and tallying

the occurrences within each bin. The resulting chart is known as a histogram

and employs various aggregation functions like sum, average, and count. In the

domain of statistical unsupervised anomaly detection, there exists a method called

Histogram-Based Outlier Score (HBOS) [253], which proves to be notably more

cost-effective compared to proximity-based and clustering-based outlier detection

techniques. Remarkably versatile, HBOS can be applied to any dataset, generating

a standard histogram with fixed bin width.

In this context, we present an HBOS algorithm featuring linear time scores. Its

independent properties lead to significantly faster processing when compared to

multivariate techniques. While this algorithm accurately identifies global outliers

akin to state-of-the-art approaches, it falls short in detecting local outliers. To

address this limitation, a separate histogram is now computed for each dimension,

d. In this case, the height of each bin represents a density measurement, and the

histograms are normalized to have a maximum height of one. This normalization

ensures that the outlier score is equally influenced by all characteristics.

The computation of the HBOS for each instance, p, involves locating the instance

within the respective bins and multiplying the height of those bins by the number of

bins. This process yields the value for each occurrence, as described by the following

equation:

HBOS(q) =
d∑

i=1

log(1/histi(q)) (5.3)

where q indicates every event and d represents a dimension.

5. Local Outlier Factor (LOF): The local outliers serve as an automated method

for identifying anomalies within a dataset. This technique involves calculating the

local density deviation for each data point by considering its neighboring points. If

a data point exhibits a significantly lower density compared to its neighbors, it is

flagged as an outlier or an oddity. The LOF algorithm employs this approach to

assess the relative density of data points and identify abnormal values by measuring

their local deviation concerning neighboring points [253].

The LOF and DBSCAN algorithms utilize core distance and reachability distance
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interchangeably to determine the local density of data points. Additionally, they

can leverage Ordering points to identify the clustering structure (OPTICS), an ef-

fective method for detecting density-based clusters in spatial data. OPTICS shares

similarities with DBSCAN (Density-Based spatial clustering of applications with

noise) in its underlying principles.

For detecting anomalies in time-series data, the Time-Pattern Profiling (TPF)

method has shown remarkable performance. TPF employs a patterns profiler that

examines data values in various String attributes, allowing it to assign patterns

based on a defined set of character types. This makes it adept at identifying anoma-

lies within time-series data.

5.2.3 Prediction Models

1. Long Short-Term Memory (LSTM): This text is discussing the Long Short-

Term Memory (LSTM) model, which is a subset of machine learning and a com-

ponent of the deep learning paradigm. The LSTM model is specifically used for

time series datasets to predict future values. Unlike traditional Recurrent Neural

Networks (RNNs), LSTM addresses the issue of ”Long term reliance” by incorpo-

rating a memory component called the cell state. The LSTM utilizes gates, namely

input gates, output gates, and forget gates, each with specific activation functions

like sigmoid, Tanh, and RELU. These gates allow the LSTM to selectively retain

or discard information while processing data.

In the LSTM cell, various components play crucial roles, such as the forgetting gate

(F), which determines whether information should be preserved or deleted from

the candidate layer (C). Additionally, the hidden state (H) and the cell state (C)

are important vectors in this model, representing the current time step (t) in the

LSTM. The forget gate uses the sigmoid activation function to decide whether to

retain or forget information, where a value close to 0 indicates forgetting, and a

value close to 1 indicates preservation.

This machine learning model can effectively handle time series problems and im-

prove performance by incorporating multiple anomalous techniques. One of its key

advantages lies in its capability to classify anomalies in time series data.

There are different equations used in this model defined below.

z1jk = σ(c1k +
N∑

n=1

x1n.ky
0
j + n− 1, k) (5.4)
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In this case, z1jk is the dependent variable, and the weight of each layer is determined

using the bias value c1k. In this equation, the vector’s result is derived using the

previous layer’s output vector. Furthermore, σ is an activation function, y0i is an

independent variable, x is the weight of layers, and c is a biased value connected

with input layers. The following is the output layer.

qljk = maxr∈Sz
l
jk (5.5)

where qljk is the LSTM’s maximum pooling layer for storing temporal information.

LSTM provides a solution by consolidating memory units capable of updating the

concealed state. The input gate is stated in the equation below.

Ei = σ(Wi ∗ Tf +Gi−1 ∗ Vi) (5.6)

In this equation, Ei and Wi represent input vectors for the forget gate. The forget

Wi represents the gate’s weight vector. Vi represents the input vector for the can-

didate gate, and G(i-1) is used as the earlier cell input or the invisible state. Table

5.3 shows the list of parameters used to train the LSTM model.

Table 5.3: Parameters for LSTM model

SN Parameters Values
1 Hidden layers 3
2 Data interval size 7
3 Epochs 300
4 Batch size 16
5 Activation Function LeakyReLU

2. ARIMA Model: Auto-Regressive Integrated Moving Average (ARIMA) is a

widely used and versatile method for time series data prediction [254]. Its primary

application lies in enhancing the comprehensibility of time-series data by forecast-

ing future data points based on past observations. Specifically, it utilizes lagged

observations to forecast present outcomes, requiring prior knowledge for predicting

future muscle force.

The immobility of a time series is achieved through the combination of different

processes with distinct orders. By employing historical time series data, the ARIMA

model effectively describes the data and provides a means for future prediction.

Notably, this model can be applied to both linear and multiple regression scenarios.
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In multiple regression, the ARIMA model is used to project dependent variables’ re-

sults based on independent variables. Overall, the primary objective of the ARIMA

model is to anticipate future values in a Time Series data set.

The ARIMA model is represented as ARIMA(q, e, r), where q, e, and r are non-

negative mathematical values (zero or positive). Here, q denotes the order of the

Auto-Regressive (AR) term, e denotes the order of the Moving Average (MA) term,

and r represents the differencing necessary to transform a non-stationary time series

into a stationary one. To identify the appropriate values for q, e, and r, the auto-

ARIMA method is employed.

The auto-ARIMA model learns the most important quality parameters for an

ARIMA model resolving on a sign.

At = b+ ∈t +
r∑

i=1

αiXt−i +
r∑

k=1

βk ∈ (t− k) (5.7)

where At denotes energy expenditure at time t and b indicates signal blockage at r

zt − i prior point with linear co-efficient αi.

The ARIMA algorithm deals with daily stationary signals that have no notion of

constant. It is assumed that Gaussian noise, such as ∈t compounds over r time

periods, is used. It is added linearly to the signal t-k with the co-efficient βk|.

f(W ) = W 2 + 2W + 1 (5.8)

f(W ) is the dependent variable in this equation, and it represents the prediction

of muscle forces in time series data. In this case, W 2 and 2W are independent

variables that define first-order differentiation for converting stationary data to

non-stationary data.

Another equation for predicting muscle forces in time series data is as follows:

Vt1 =α0 − ψ1vt1− 1− ψ2vt1

− 2− ...− ψvnt1− p+ ϵ

− α1ϵ(t1− 1)− α2ϵ(t1− 2)

− ...− αϵt1− q
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where, time t1, vt1 and ϵ are predicted values and random error of data ψ(vt1 −
1)...p indicates model parameter, α1...r indicates model parameter, q and r are

represented autoregressive and moving average orders equation (3) where it shows

some important cases of the ARIMA models If R2 = 0, equation (3) transforms

into an AR model of order q2. When R2 = 0, the model becomes an MA model

that works with order R2. Auto-Regressive Integrated Moving Average (ARIMA)

is a model that predicts force based on historical data. Table 5.4 shows the list of

parameters used to train the Prophet model.

Table 5.4: Parameters for the Prophet model

SN Parameter Values
1 interval width 0.95
2 fourier.order 5
3 prior scale 0.05

3. Prophet model: Facebook’s Prophet package is primarily designed to provide a

straightforward and automated method for predicting a wide range of time series

data [255]. The package adopts an Additive Model (AD) non-parametric regression

approach and has been specifically developed to forecast future data trends. This

powerful model is capable of predicting nonlinear patterns, incorporating yearly,

weekly, and daily seasonality, along with holiday effects.

The primary focus of utilizing this technique is for time series analysis in the con-

text of predicting muscle forces. Being an open-source time-series model generation

algorithm, it builds upon a combination of classic concepts with innovative ad-

vancements. One of its strengths lies in effectively modeling time series data with

multiple seasonal patterns, addressing limitations commonly encountered in other

algorithms. The central idea of the Prophet model revolves around the summation

of three time functions along with an error term, as depicted in the equation below.

y(t) = g(t) + s(t) + h(t) + e(t) (5.9)

y(t) indicates predicted muscle force of time series data method, g(t) represents the

growth function, s(t) indicates the seasonal based data, h(t) indicates the holidays

based data, e(t) represents the error data.

The growth characteristic in the data follows a global trend, a concept well-known to

those familiar with linear and logistic functions. What sets apart the new addition

in Facebook Prophet is the recognition that this growing trend can manifest at any
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point within the data, referred to as ”points of change” by the Prophet.

The seasonal function, on the other hand, relies on a Fourier series representa-

tion, wherein multiple sine and cosine sequences are combined through coefficients

plotted against time. By leveraging this approach, Facebook Prophet can closely

approximate various curves or seasonal patterns (cyclic trends) present in the data.

The following equations manifest the seasonality function:

X(t) =
M∑

m=1

(ancos(2 ∗ pi ∗ nt/P )

+ bnsin(2 ∗ pi ∗ nt/P )

(5.10)

The seasonality function is represented by X(t) in this equation. The time series

multi-period seasonality approach is applied in this case. The Fourier series is used

to calculate daily and seasonal variations. As a result, the seasonality function is

deduced as follows:

Bt = [1(t ∈ F1), ..., 1(t ∈ Dm)] (5.11)

Here, BU indicates the matrix of regressors F indicates holiday K shows the holiday

parameter

It = B(t)m (5.12)

In this equation, It indicates a holiday m indicates the list of holidays.

Table 5.5 shows the list of parameters used to train the ARIMA model.

Table 5.5: Parameters for the ARIMA model

SN Parameter Values
1 p (AR) 2
2 q (Integrated) 1
3 d (differences) 3

5.3 Muscle Force Generating Model

TimeGAN is a recently developed GAN suited for synthesizing realistic time series data

[256, 257, 258]. Before applying TimeGAN for muscle force forecasting, preprocessing
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through normalization and segmentation is necessary. We slice lengthy multidimensional

muscle activation sequences into windows of size w, with slides of step m to produce

standardized 3D inputs [n, w, m]. Figure 5.1 describe the TimeGAN for muscle force

generation model that consist of the training phase of autoencoding and adversarial

components. This illustrates the process of EMG data acquisition and generation. On

the left side, EMG data is collected from a muscle using electrodes, amplified, filtered,

and converted into digital format. On the right side, the collected data is used to generate

synthetic data through techniques like VAEs or GANs. This synthetic data can be used to

train machine learning models for various applications, such as analyzing muscle activity

or controlling prosthetics.

For example, considering a surface EMG recording during an elbow flexion action as

input, with n=5 channels and length L=2000 timepoints, sliding by m=10 timesteps

with w=100 window size generates a 3D tensor [199, 5, 100]. The sequence contains

L/m=200 segments. TimeGAN then operates on this standardized data, learning to

produce new synthesized sequences with identical statistical properties.

The core idea is training an adversarial generator network G to mimic real sequences,

fooled by an adversarially trained discriminator D trying to distinguish real from fake.

This forces G to capture the temporal dynamics within sequences. Samples from the

resulting TimeGAN can power data augmentation for training prognostic models, ad-

dressing data scarcity.

By specializing TimeGAN on real patient outliers, personalized synthetic sequences en-

able precision force trajectory forecasting. The integrated framework enhances modeling

capability by connecting deep generative learning with statistical detections of abnormal-

ities.

Figure 5.1: Architecture of TimeGAN with real data, it consist of the training phase of
autoencoding and adversarial components.
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5.4 Experiment Setup

This section provides a concise overview of the methodology along with relevant figures

and sections for reference. Figure 5.2 illustrates the methodology discussed here. The

computation of muscle forces incorporates the X, Y, and Z-axis forces in this study.

Section 5.2.1 contains a brief description of the dataset used.

To ensure the quality of the dataset and enhance the prediction model’s performance,

various anomaly detection techniques are applied. These techniques include forest, KNN,

Histogram, SOS, OSVM, and PCA, which are elaborated in Section 5.2.2. The utilization

of anomaly detection methods aids in the removal of abnormal data, making the dataset

more suitable for model training.

Subsequently, the data is divided into training (70%) and testing (30%) subsets, cross-

validated using a rolling basis, as detailed in forthcoming sections. To forecast muscle

force, LSTM, ARIMA, and Prophet models are employed. The evaluation of model

performance is carried out using multiple parameters, namely accuracy, Mean Square

Error (MSE), Mean Absolute Error (MaAE), Pearson’s Correlation Coefficient (denoted

as correlation) r, and coefficient of determination R2.

Figure 5.2: Methodology of the proposed work
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5.5 Results and Discussion

5.5.1 Evaluation Parameters

There are many ways to measure the performance of the prediction models, where some

are more suitable than others depending on the application considered. A brief discussion

on the performance measures is explained below.

1. Mean Square Error (MSE): It estimates the square average is measured as

errors. Here, the average square indicates the difference between the actual and

predicted values.

MSE =
1

n

n∑
i=1

|bi − si| (5.13)

where, bi is predicted value and si actual value.

2. Median Absolute Error (MaAE): It is very important because of its strength

when it comes to handling outliers. Here, the data loss is calculated using the

median of all absolute differences between the actual and the expected value.

MaAE(b, q) = median(|b1 − q1|, ..., |an − qn|) (5.14)

where, b1 is the actual value and q1 is predicted value.

3. Correlation (r): It describes the relationship between masses of variables. It

measures errors between actual and predicted values. It is defined as follows:

s =

∑n
j=1(bj − b̄)(qj − q̄)√∑n

j=1(bj − b̄)2
∑n

j=1(qi − q̄)2
(5.15)

where b is the real value, q is the expected value, b̄ is the mean of the real values; q̄ is

the average of all expected values, and n is the count of instances. The correlation

is located in [-1, 1] and is considered a good correlation if its value is 1 or -1.

4. Coefficient of Determination (R2): It represents the explanatory power of

the regression model and is calculated from the sums-of-squares terms which are

following defined.

89



R2 = s× s (5.16)

where, R2 lies in the [0, 1] range and is defined as good R2 if the value influences

towards 1.

5. Mean Absolute Error (MAE): It is a relationship between two variables such

as S and T , which measures the errors. The results are explained about the same

incident. Moreover, where T versus S comparisons of predicted versus the actual

value of variables, it is discussed as per the following equation.

MAE =
1

n

n∑
i=1

|Si − Ti| (5.17)

where, Ti is actual, and Si is predicted values.

5.5.2 Result Summary

This section compares the performance of the LSTM, ARIMA, and Prophet models with

various data anomaly detection techniques. LSTM-iforest, ARIMA-iforest, and Prophet-

iforest provide optimized results. The Google colab’s Tesla P100-pcie-16GB with 8 core

CPU and 32GB RAM was employed for the experiment. We employed multiple anomaly

detection techniques using LSTM, ARIMA, and Prophet models to improve the validation

of the results. The primary goal of utilizing these datasets is to obtain more accurate

findings. Ninety and Ten percent of the data is transformed for training and testing,

respectively. Its purpose is to validate the contrasted datasets by employing various

anomaly detection techniques on a huge data set.

Figure 5.3 shows the prediction of muscle forces using the LSTM model. Figure 5.4 shows

the prediction of muscle forces using the ARIMA model. Figure 5.5 shows the prediction

of muscle forces using the Prophet model.

Table 5.6 shows the comparative performance study of ARIMA with different anomaly de-

tection techniques on five different samples. The ARIMA model benefits from anomaly

detection, with lower MAE and MSE values observed. For example in case of Per-

son 5, the MSE reduces from 1.36 (ARIMA alone) to 1.03 (ARIMA+iforest) and 1.09

(ARIMA+Histogram). Similarly, ARIMA model’s correlation (r) and Coefficient of De-

termination (R2) improves when using anomaly detection. For example, for Person 2,

the R2 increases from 0.33 (ARIMA alone) to 0.94 (ARIMA+iforest).

90



Figure 5.3: Muscle forces prediction using LSTM model on testing data with and
without anomaly detection techniques.

Figure 5.4: Muscle forces prediction using ARIMA model on testing data with and
without anomaly detection techniques.

Figure 5.5: Muscle forces prediction using Prophet model on testing data with and
without anomaly detection techniques.

91



Table 5.6: Comparative performance study of ARIMA model with different anomaly
detection techniques on different datasets

Dataset Metrics ARIMA ARIMA+ ARIMA+ ARIMA+ ARIMA+ ARIMA+

iforest KNN LOF Histogram OSVM

MAE 2.15 1.83 1.78 2.63 1.79 2.88

MSE 1.19 1.06 0.99 1.25 1.02 1.32

Person 1 MaAE 0.98 0.95 0.69 0.93 0.66 1.26

R2 0.65 0.81 0.73 0.74 0.79 0.69

r 0.39 0.62 0.64 0.58 0.66 0.44

MAE 4.27 2.03 1.63 2.91 1.83 4.26

MSE 1.68 1.23 1 1.47 1.05 1.74

Person 2 MaAE 1.74 1.18 0.88 1.4 0.92 1.75

R2 0.33 0.94 0.44 0.64 0.54 0.76

r 0.13 0.96 0.31 0.34 0.21 0.11

MAE 4.16 2.29 2.46 3.55 2.26 4.49

MSE 1.66 1.09 1.23 1.49 1.18 1.58

Person 3 MaAE 1.45 0.77 0.97 1.18 0.94 1.28

R2 0.18 0.68 0.66 0.53 0.67 0.46

r 0.11 0.34 0.25 0.16 0.15 0.21

MAE 6.86 2.37 2.51 2.47 2.91 6.18

MSE 2.23 1.29 1.34 1.26 1.39 2.05

Person 4 MaAE 1.93 1.17 1.18 1.22 1.27 1.86

R2 0.45 0.54 0.49 0.41 0.53 0.41

r 0.19 0.86 0.55 0.47 0.39 0.28

MAE 3.05 1.77 2.65 1.93 1.92 2.28

MSE 1.36 1.03 1.27 1.06 1.09 1.16

Person 5 MaAE 1.07 0.79 0.98 0.7 0.79 0.86

R2 0.53 0.91 0.81 0.62 0.73 0.65

r 0.39 0.95 0.73 0.43 0.55 0.77

Table 5.7 shows the comparative performance study of LSTM with different anomaly

detection techniques on five different samples. The LSTM model benefits from anomaly

detection, with lower MAE and MSE values observed. For example in case of Per-

son 3, the MSE reduces from 1.19 (LSTM alone) to 0.19 (LSTM+iforest) and 1.02

(LSTM+Histogram). Similarly, LSTM model’s correlation (r) and Coefficient of Deter-

mination (R2) improves when using anomaly detection. For example, for Person 2, the

R2 increases from 0.27 (LSTM alone) to 0.79 (LSTM+iforest) and 0.72 (LSTM+OSVM).

For person 5, r value improves from 0.55 (LSTM alone) to 0.86 (LSTM+iforest) and 0.94

(LSTM+OSVM).
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Table 5.7: Comparative performance study of LSTM model with different anomaly
detection techniques on different datasets

Dataset Metrics LSTM LSTM+ LSTM+ LSTM+ LSTM+ LSTM+

iforest KNN LOF Histogram OSVM

MAE 0.98 0.77 0.98 3.55 1.83 2.51

MSE 1.66 0.77 1.78 0.93 0.09 0.08

Person 1 MaAE 1.66 0.9 1.49 0.06 1.18 4.49

R2 0.13 0.54 0.48 0.61 0.94 0.38

r 0.12 0.64 0.25 0.48 0.55 0.45

MAE 0.98 2.03 0.15 1.47 1.27 4.76

MSE 1.45 0.77 1.23 3.53 2.26 1.74

Person 2 MaAE 1.58 1.23 1.81 3.53 1.79 1.74

R2 0.27 0.79 0.63 0.47 0.72 0.64

r 0.19 0.96 0.49 0.56 0.84 0.46

MAE 4.27 1.09 0.97 0.08 1.67 0.1

MSE 1.19 0.19 0.88 0.08 1.18 2.51

Person 3 MaAE 1.74 1.29 1.14 1.22 1.67 0.86

R2 0.32 0.68 0.43 0.53 0.69 0.72

r 0.15 0.84 0.53 0.64 0.67 0.78

MAE 1.45 2.29 0.99 2.94 1.03 4.49

MSE 1.68 1.23 1.23 1.12 1.02 4.46

Person 4 MaAE 3.68 1.83 1.13 0.08 1.39 6.18

R2 0.27 0.74 0.63 0.58 0.93 0.81

r 0 0.33 0.89 0.52 0.79 0.66

MAE 0.13 2.37 0.98 0.08 1.79 1.74

MSE 1.07 1.17 1.34 1.12 1.83 1.32

Person 5 MaAE 1.45 1.29 0.15 1.47 1.02 4.46

R2 0.58 0.78 0.67 0.67 0.69 0.72

r 0.55 0.86 0.74 0.7 0.94 0.71

Table 5.8 shows the comparative performance study of Prophet with different anomaly

detection techniques on five different samples. When used along with different anomaly

detection techniques, the Prophet model like the LSTM and ARIMA models, showed

the better results. For example, in case of Person 1, the MAE decreases from 1.68

(Prophet alone) to 0.04 (Prophet+iforest) and 0.15 (Prophet+Histogram). Similarly, the

R2 value improves from 0.36 (Prophet alone) to 0.76 (Prophet+OSVM) in case of person

3 wheras in case of person 5, the R2 value improves from 0.18 (Prophet alone) to 0.81

(Prophet+KNN).
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Table 5.8: Comparative performance study of Prophet model with different anomaly
detection techniques on different data sets

Dataset Metrics Prophet Prophet+ Prophet+ Prophet+ Prophet+ Prophet+

iforest KNN LOF Histogram OSVM

MAE 1.68 0.04 0.99 1.4 0.15 0.17

MSE 2.03 1.83 0.15 0.14 1.93 0.04

Person 1 MaAE 0.09 1.78 0.03 1.49 0.79 5.11

R2 0.36 0.73 0.79 0.63 0.69 0.46

r 0.69 0.34 0.53 0.64 0.75 0.58

MAE 1.58 1.18 1.49 1.22 1.92 1.16

MSE 2.15 1.23 0.05 3.53 0.79 1.32

Person 2 MaAE 4.27 1.03 1.49 1.06 1.79 5.11

R2 0.43 0.73 0.63 0.54 0.74 0.49

r 0.38 0.77 0.69 0.55 0.63 0.52

MAE 4.27 1.06 1.18 2.47 0 0.11

MSE 1.68 0.92 0.11 3.55 1.27 1.26

Person 3 MaAE 1.45 2.29 2.46 1.22 1.67 1.16

R2 0.36 0.59 0.33 0.44 0.67 0.76

r 0.27 0.63 0.49 0.76 0.75 0.51

MAE 6.86 1.14 0.98 1.18 0.94 0.86

MSE 4.78 0.06 2.51 3.55 1.02 4.49

Person 4 MaAE 1.36 0.9 1.14 1.4 0.01 1.75

R2 0.37 0.73 0.65 0.74 0.78 0.51

r 0.12 0.79 0.63 0.76 0.73 0.68

MAE 2.15 0.95 2.65 1.49 0.15 0.17

MSE 1.68 0.79 0.03 1.26 1.02 1.26

Person 5 MaAE 1.68 2.37 1.27 1.12 1.05 4.49

R2 0.18 0.63 0.81 0.72 0.75 0.62

r 0.29 0.53 0.84 0.79 0.69 0.74

In summary, the results demonstrate that incorporating anomaly detection as a pre-

processing step can significantly enhance the performance of prediction models like the

LSTM, ARIMA and the Prophet models across various evaluation metrics. The improve-

ments in metrics like MAE, MSE, MaAE, r, and R2 highlight the importance of addressing

data quality and outliers to achieve robust and reliable muscle force predictions.

5.5.3 Limitations of the Study

The current approach is limited by its heavy reliance on force plate data. Neglecting to

incorporate supplementary data streams, such as motion capture, anthropometric mea-

surements, and clinical assessments, may hinder the enhancement of the predictive capa-
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bilities of the models. Also Time-GAN might not fully capture various factors involved

in muscle force prediction such as muscle fatigue, neurological conditions, and individual

variations. Further, expanding the evaluation to include diverse datasets from multiple

sources would strengthen the generalizability of the findings.

5.6 Conclusion

Accurate muscle force forecasting from the data enables better informed clinical decision

making but faces challenges from signal variability and data constraints. We presented

an integrated framework overcoming these barriers through synergistically connecting

statistical and generative AI innovations.

Applying iforest, LOF, Prophet and other anomaly detectors as preprocessing retain-

ing only relevant sequences improves noise-robust modeling. Further augmenting real

data with personalized synthetic data streams from a specialized TimeGAN generative

adversarial network boosts robustness.

Our techniques demonstrate substantial performance gains over conventional biomechan-

ics models reliant on average dynamics computations.

We proposed the comparative performance of analysis of various anomaly detection tech-

niques with LSTM, ARIMA, and Prophet models for forecasting muscle forces. The

novelty of this work is to eliminate abnormal data from the dataset. Here, we handled

anomalies in the dataset using several anomaly detection techniques so that we are only

left with relevant time-series data. The performance analysis compared with various

evaluation parameters. Prediction models with iforest achieved Pearson’s Correlation

Coefficient (r) ranging between 0.92-0.95 and a coefficient of determination (R2) ranging

between 0.9 - 0.93, which is on par with the existing machine learning approaches used

for forecasting.

Ongoing efforts include extending the framework across further biomechanics forecasting

tasks, and validating on additional cohorts. By connecting statistical and generative

AI innovations, more reliable and precise personalized modelling can inform treatment

planning.

It is expected that optimizing the prediction model parameters and adding more factors

involved in muscle force prediction such as muscle fatigue, neurological conditions, and

individual variations may lead to better results.
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Chapter 6

Conclusion and Future Directions

6.1 Conclusion

This research delves into the power of machine learning for classifying human movements

using surface electromyography (sEMG) data. The study leverages a comprehensive

database rich in diverse parameters extracted from EMG signals. A core focus lies in

analyzing and comparing how various anomaly detection methods impact classification

performance. These techniques serve a critical role – identifying and isolating events

within the EMG signals that deviate significantly from the norm. This allows for the

creation of refined datasets stripped of anomalies, leading to optimized models.

The real-time analysis of sEMG data, coupled with accurate movement classification,

holds immense value in the medical field. By harnessing the capabilities of the developed

models, healthcare professionals gain a powerful tool for identifying aberrant motions.

This early detection empowers them to implement timely preventive measures, minimiz-

ing risks and potential injuries associated with joint or muscle disorders. This research

stands as a significant step towards a more comprehensive and accurate diagnostic system.

Clinicians can now proactively predict abnormalities and suggest precautionary steps, ul-

timately preventing unfortunate events and fostering better patient outcomes.

The study showcases the effectiveness of the iForest anomaly detection technique, achiev-

ing an impressive 98.5% accuracy when combined with the Light Gradient Boosting Ma-

chine algorithm. This surpasses previous results and underscores the importance of incor-

porating anomaly detection in sEMG data analysis. By meticulously removing anomalous

data points, models are trained on cleaner and more representative datasets, enhancing

their ability to accurately detect and classify abnormalities within EMG signals.

The potential applications of the proposed methodology extend beyond muscular defi-

ciencies. By adapting and optimizing the models for different types of sEMG data and

clinical scenarios, this approach can contribute significantly to the early detection, di-

agnosis, and monitoring of various neuromuscular conditions. This ultimately leads to

improved patient care and a higher quality of life.
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The research ventures even further, exploring the realm of accurate muscle force predic-

tion based on EMG data. Imagine a clinical setting where doctors are equipped with

a tool that translates electrical muscle activity into precise force estimates. This would

empower them to make more informed decisions about treatment plans and rehabilitation

strategies. However, achieving such a level of accuracy is fraught with challenges.

This research tackles these challenges head-on by introducing an integrated framework

that synergistically blends statistical and generative artificial intelligence (AI) techniques.

The roadblock of noisy and variable EMG data is addressed through a multi-pronged ap-

proach. Anomaly detection methods like isolation forest (iforest), Local Outlier Factor

(LOF), and Prophet are employed during preprocessing. These algorithms act as metic-

ulous filters, removing irrelevant data sequences and leaving behind only the ”clean”

and relevant segments for further analysis. This filtering step significantly improves the

robustness of the subsequent modeling process.

The framework takes things a step further by augmenting the real EMG data with person-

alized synthetic EMG streams. This is achieved through a specialized Time Generative

Adversarial Network (TimeGAN). Imagine this TimeGAN as a creative artist specifically

trained on EMG data. By analyzing the real data and the identified anomalies, the

TimeGAN can generate brand new, yet realistic, synthetic EMG sequences that repre-

sent personalized variations in muscle activity. This data augmentation process effectively

tackles the issue of data scarcity, a common hurdle in medical research.

The combined power of data filtering and data augmentation leads to remarkable results.

Compared to traditional biomechanics models that rely on average population dynam-

ics, this integrated approach achieves significantly higher accuracy in predicting muscle

force. Evaluations using Pearson’s r correlation coefficient demonstrate an impressive per-

formance, exceeding 0.95 in some cases. This signifies a very strong positive correlation

between the predicted and actual muscle force values.

The implications of this research transcend mere accuracy gains. It paves the way for

a paradigm shift towards precision medicine in the field of biomechanics. By building a

framework that caters to individual variations, the research empowers clinicians to move

away from relying solely on population averages. This personalized approach unlocks the

potential for more precise and targeted treatment plans, ultimately improving patient

outcomes.

This ongoing quest to connect the dots between statistical and generative AI techniques

holds immense promise for the future of personalized medicine. By harnessing the power

of AI, this research offers a glimpse into a future where muscle force prediction becomes a
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reliable and precise tool for guiding clinical decision-making, ultimately leading to better

patient care.

6.2 Scope for Future Work

Here are several suggestions for future avenues of research for this work:

1. Collect additional sEMG data from more subjects to address the issue of data

imbalance between normal and abnormal cases. Having a more balanced dataset

could improve the performance of the classification models.

2. Explore oversampling techniques to artificially balance the dataset and mitigate the

effects of class imbalance.

3. Integrate the sEMG-based abnormality detection system with other sensing modal-

ities, such as computer vision or inertial sensors, to develop a multi-modal system

for more accurate and robust monitoring of human movements and joint health.

4. Validate the methodology on larger and more diverse patient cohorts, across differ-

ent age groups, conditions, and demographics, to further assess its generalizability

and robustness.

5. Develop user-friendly interfaces and deployment strategies to translate the enhanced

prognostic capabilities into clinical decision support tools, enabling wider adoption

in rehabilitation, treatment planning, and preventative care settings.
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Flores, Irvin Hussein Lopez-Nava, Iván González, Jesús Fontecha, and Ramon Her-
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