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Article 
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Abstract: This study presents a methodology for the extraction of Mechanomyography (MMG) signals and 

their subsequent application in estimating the rotational angles of the shoulder and elbow joints. To mitigate 

modal aliasing artifacts during the extraction of MMG signals, an enhanced version of the Complete Ensemble 

Empirical Mode Decomposition with Adaptive Noise (denoted as ICEEMDAN) has been introduced. 

Comparative analysis of ICEEMDAN and six decomposition algorithms revealed that ICEEMDAN yielded the 

lowest envelope entropy at 8.033. Consequently, the ICEEMDAN algorithm effectively isolated MMG signals 

from the raw acceleration signals, achieving an optimal balance between maximizing artifact rejection and 

minimizing signal distortion. To mitigate the economic burden associated with the training of estimation 

models, the Broad Learning System (BLS) has been introduced. This system facilitates iterative training through 

the incremental addition of nodes to both the feature layer and the enhancement layer, thereby enhancing the 

efficiency of the training process. The estimation precision of the BLS model was enhanced through the 

optimization of its parameters via the application of the Slime Mould Algorithm (SMA). This investigation 

revealed that the typical center frequency for MMG ranged between 10 and 100 Hz. Moreover, the estimation 

model founded on the SMA-BLS technique exhibited a minimum coefficient of determination (R2) value of 

0.971. This model effectively estimated the rotational angles of the shoulder joints. 

Keywords: Improved Complete Ensemble Empirical Mode Decomposition with Adaptive Noise; 

Estimating of human joint rotational angle; Broad Learning System; Slime Mould algorithm 

 

1. Introduction 

1.1. Introduction of Research Needs and Research Background 

Recent years have witnessed a marked increase in interest regarding the development and 

application of wearable exoskeletons and robotic limbs. Wearable exoskeletons are increasingly being 

utilized within industrial and service sectors to mitigate physical exertion and improve operational 

efficiency. Furthermore, these interventions are integral in the realm of medical rehabilitation, 

facilitating the restoration of limb mobility in patients who have sustained injuries [1–3].Wearable 

robotic appendages are designed to augment the user with an auxiliary limb, metaphorically referred 

to as a 'third hand' or 'third leg,' to facilitate the performance of tasks that are challenging to execute 

unilaterally [4–6]. Despite the distinct functionalities of wearable exoskeletons and these robotic 

limbs, they both necessitate a fundamental criterion: synchronized operation with human users. 

Wearable exoskeletons must coordinate their kinematics to align with the biomechanics of the human 

body, and similarly, wearable robotic appendages are required to precisely interpret the user's motor 

intentions to facilitate effective integration with native limb movements. Attaining the outlined 

objectives necessitates imperative research into the recognition of human movement intention. The 

study encompasses the classification of movement patterns, the identification and prognostication of 

joint kinematics, as well as the recognition and anticipation of distal limb endpoint trajectories [7–9]. 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
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Human Activity Recognition (HAR) constitutes an intriguing domain with substantial 

application prospects; however, it is concurrently confronted with various technical challenges: 

(1) High-caliber, accurately annotated datasets are indispensable for the development of Human 

Activity Recognition (HAR) models; however, the acquisition of such datasets necessitates 

considerable time and financial investment. Furthermore, a significant deficiency in the diversity 

of activities and participant demographics is observed within numerous datasets. 

(2) Sensor Constraints: Wearable devices equipped with accelerometers and gyroscopes are subject 

to constraints, notably with respect to energy autonomy, data retention capacity, and 

communication range. Experimental limitations may impact the feasibility of uninterrupted 

activity surveillance. 

(3) Identifying complex or overlapping activities continues to present a formidable challenge within 

the field. The detection of simple activities such as walking or running is more straightforward; 

however, the accurate classification of more complex activities that encompass multiple actions 

or require interactions with objects presents a greater challenge. 

(4) Real-time processing presents a significant challenge in the implementation of Human Activity 

Recognition (HAR) systems, particularly when aiming for low-latency data processing. The 

computational requirements of sophisticated algorithms are substantial, and their deployment 

is further complicated in resource-limited contexts such as mobile devices. 

(5) Privacy Concerns: The integration of wearable sensors for continuous health monitoring elicits 

significant concerns regarding the protection of personal privacy. Implementing protocols for 

the collection, storage, and processing of data that safeguard user privacy is of paramount 

importance. 

1.2. Introduction of Mechanomyography (MMG) and Surface Electromyography (sEMG) in Human Activity 

Recognition 

The application of mechanomyography (MMG) and surface electromyography (sEMG) 

techniques for identifying human movements has garnered significant attention in recent scholarly 

works. Studies, such as Shinohara et al. (1997), have established a direct correlation between the 

MMG signals from the quadriceps and the intensity of physical exertion during intense cycling tests. 

Sahin et al. (2012) applied wavelet analysis to raw EMG signals to enhance feature extraction, 

facilitating the classification of these signals through a multilayer perceptron neural network and 

Bayesian discrimination methods. Balbinot et al. (2013) constructed a neuro-fuzzy model that 

interprets myoelectric signals captured via surface electrodes to delineate arm motion patterns. Kainz 

et al. (2014) proposed a method for tracking hand movements and recognizing gestures that 

combined SEMG with depth-sensing video technology. Frank et al. (2019) achieved effective human-

robot collaboration in hazardous settings by integrating surface EMG with data from wearable 

inertial sensors. Moin et al. (2020) described a portable EMG biosensing device equipped with 

adaptive machine learning algorithms for the detection of hand gestures. Jaramillo-Yánez et al. (2020) 

performed an extensive review of the literature concerning the use of EMG data and machine learning 

algorithms for the real-time identification of hand gestures. Sheng et al. (2021) unveiled a multi-

sensory system that integrates sEMG, NIRS, and MMG to create a resilient human-machine interface 

that remains unaffected by muscle fatigue [10–17]. 

Comparison of two signals: 

(1) Sensitivity to Different Aspects: 

Electromyography (EMG) exhibits heightened sensitivity to the electrical activity correlates with 

muscle activation, providing a direct measure of the neural stimulation impinging upon the muscle. 

MMG exhibits a heightened sensitivity to the mechanical characteristics of the muscle, encompassing 

parameters such as stiffness, elasticity, and the magnitude of force generated. 

(2) Complementary Use: 

The concurrent utilization of EMG and MMG serves to afford a more integrated and detailed 

insight into the physiological dynamics of muscle function. EMG is capable of delineating the timing 

of muscle activation, whereas MMG provides insight into the alterations of a muscle's mechanical 

properties throughout the contraction phase. 
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(3) Ease of Use: 

EMG, especially the needle EMG variant, necessitates a more elaborate preparation and precise 

calibration process, which may pose increased technical challenges. MMG configurations typically 

exhibit simplified installation and operational procedures, particularly when integrated with 

contemporary accelerometer-based platforms. 

In conclusion, although EMG remains the benchmark for assessing muscle activation and is 

extensively employed across numerous domains, MMG presents a non-invasive methodology that 

yields significant revelations regarding the mechanical dynamics of muscular activity. The 

determination to utilize either option, or the combined application of both, is contingent upon the 

particular research inquiry or the specific clinical requirement. 

1.3. Introduction of Regression Algorithm in Human Activity Recognition 

Recent years have witnessed substantial progress in the domain of human activity recognition, 

with a particular emphasis on the application of time series regression algorithms for the analysis of 

data captured by body-mounted sensors. Trabelsi et. al. in 2012 developed an unsupervised 

methodology that employed Multiple Hidden Markov Model Regression (MHMMR) for the analysis 

of three-dimensional acceleration data, with the objective of recognizing various activities. 

Chamroukhi et. al. in 2013 delved into the concurrent segmentation of multivariate time series data 

by employing hidden process regression, aiming to refine the accuracy of human activity recognition 

processes. Trabelsi et al. in 2013 introduced an unsupervised methodology that employs Hidden 

Markov Model (HMM) regression for the automated recognition of activities utilizing raw 

acceleration data. In 2016, the problem of human activity recognition was reframed as a joint 

segmentation task for multidimensional time series, Safi et. al. employed Hidden Markov Model 

Regression (HMMR) in conjunction with an expectation-maximization algorithm. The findings of 

these investigations underscore the critical role of regression algorithms in achieving precise and 

computationally efficient human activity recognition. On a different note, Seto et. al. in 2015 

concentrated on the classification of multivariate time series for the purpose of human activity 

recognition, employing Dynamic Time Warping template selection methodology. The research 

highlighted a deliberate approach to minimize the intricacies associated with feature extraction 

processes. Additionally, Sikder et. Al in 2017 developed an innovative log-sum distance metric to 

assess discrepancies among sequences of positive integers, subsequently employing this measure for 

the monitoring and identification of human activities through the analysis of motion sensor data. 

Trelinski et al. in 2020 introduced an aggregation of multi-channel Convolutional Neural Networks 

(CNNs) designed for multi-class time-series classification, with a particular emphasis on depth-based 

human activity recognition. This study delineates the progressive development of algorithms 

designed to analyze multivariate time series data, with a specific focus on their application within 

the domain of human activity recognition. Subsequently, Qi et al. in 2020 introduced an adaptive 

recognition and real-time monitoring system designed for the detection of human activities, featuring 

an unsupervised online learning algorithm which operates without the dependency on predefined 

class constraints. The comprehensive review of the literature elucidates the variety of methodologies 

and algorithms currently under development for the recognition of human activities through the 

application of time series regression techniques. This underscores the critical necessity for ongoing 

innovation within this domain, as documented across multiple studies [18–27]. 

Human motion intention recognition is a critical area of research with applications in robotics, 

prosthetics, human-computer interaction, and rehabilitation. Despite significant progress, there are 

several challenges and limitations that researchers continue to face. Here are some of the key 

shortcomings in the field: 

(1) Data Quality and Availability 

In the realm of human motion analysis, data variability is a significant consideration, influenced 

by inter-individual anatomical discrepancies, physiological variations, and distinct kinematic 

patterns. The observed inter-individual variability poses a significant challenge for the creation of 

models capable of achieving robust generalizability across diverse user populations. 
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(2) Sensor Limitations 

Invasive vs. Non-invasive sensors offer an alternative to invasive counterparts, such as 

intramuscular electromyography (EMG), which, while delivering high-fidelity data, are impractical 

for continuous, daily application due to their intrusive nature.Non-invasive sensor technologies, such 

as surface electromyography (sEMG) and accelerometers, offer enhanced user convenience; however, 

they are susceptible to signal interference from noise and cross-talk artifacts. 

Optimal sensor positioning and precise calibration are fundamental to ensuring the integrity 

and reliability of data acquisition processes. Nevertheless, the execution of these procedures is 

characterized by substantial temporal demands and necessitates specialized knowledge that may not 

be universally accessible across various environments. 

(3) Algorithmic Challenges 

Feature extraction entails the intricate process of deriving significant attributes from the 

unprocessed data captured by sensors. Subtle discrepancies in distinct movements can be challenging 

to discern, which consequently may result in inaccuracies during the recognition of intended actions. 

Real-time processing of sensor data is critical for the functionality of numerous applications, 

including the precise control of prosthetic limbs and exoskeletal systems. Real-time algorithms must 

meticulously equilibrium precision with computational efficiency, a task that presents considerable 

difficulties. 

Generalization of Models: It has been observed that models, having been well-trained on discrete 

tasks or tailored to specific individuals, frequently exhibit suboptimal generalization capabilities 

when faced with novel tasks or applied to different user populations. The limited generalizability of 

numerous existing systems constrains their applicability in practical scenarios. 

(4) User Variability and Adaptation 

Individual variation is a hallmark of human motor patterns, with each subject exhibiting distinct 

kinematic profiles that are subject to temporal fluctuations. These fluctuations may arise from a 

variety of influences, including but not limited to fatigue, injury, or the process of learning. Adapting 

to such modifications represents a complex challenge for systems. 

Users are required to acquire proficiency in manipulating the system, concurrently, the system 

must possess the capability to acclimate to the dynamic behavioral patterns of the user. The 

bidirectional learning mechanism is characterized by its complexity, necessitating the employment 

of advanced algorithmic strategies. 

(5) Contextual Understanding 

Environmental Variables: The operational context of the user can profoundly influence the 

fidelity and subsequent interpretation of sensor data quality. For instance, the functionality of sensors 

can be adversely affected by various environmental factors, including electromagnetic interference, 

ambient temperature, and relative humidity. 

The task complexity associated with inferring intentions is significantly reduced in simple, 

controlled settings, as compared to the challenges encountered within intricate and dynamic contexts. 

Contemporary systems frequently encounter challenges when addressing the context-dependent 

characteristics inherent to human movement. 

To surmount the encountered challenges, a comprehensive strategy that integrates 

multidisciplinary expertise is essential. This strategy necessitates the amalgamation of cutting-edge 

developments in sensor technology, the application of machine learning algorithms, insights from 

biomechanical research, and principles of human-centered design. Sustained investigation and 

interdisciplinary cooperation are imperative for surmounting the current constraints and propelling 

advancements in the domain of human motion intention recognition. 
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1.4. Introduction of Mechanomyography Extraction 

Mechanomyography (MMG) signals have been successfully applied across a diverse range of 

fields in recent years [28–31]. Nevertheless, the measurement of MMG may be susceptible to 

interference from gesture artifacts and gravitational influences. To enhance the signal-to-noise ratio 

(SNR) of MMG signals and to broaden the scope of their application, it was imperative to eliminate 

gesture artifacts and high-frequency noise from the recorded data. In previous investigations, three 

distinct methodologies have been employed to reduce gesture artifacts [32,33]. 

(1) Utilize microphone sensors to collect MMG signals 

The employment of microphone sensors for the acquisition of MMG is advantageous, as it 

mitigates interference from gesture artifacts and gravitational acceleration effects. The frequency 

response of the microphone sensor within the 10-50Hz range exhibited non-linear characteristics, 

which consequently led to the infiltration of external sound noise into the MMG signals. 

(2) Reduce limb movements during the experiment 

In certain studies, including investigations into myocardial mechanics through the analysis of 

MMG signals and assessments of quadriceps strength in relation to MMG signals, the researchers 

constrained the amplitude of limb movements. Such constraints were extraneous to the objectives of 

our experimental protocol. The established thresholds are not applicable within the context of 

dynamic human activities. 

(3) Remove gesture artifact by filter 

To mitigate the inevitable presence of gesture artifacts in dynamic human gesture research, it is 

conventional to employ filtering techniques for their removal in industrial applications. Commonly 

utilized filters include Butterworth bandpass filters and wavelet bandpass filters. During the 

preprocessing of the raw acceleration (ACC) signal, bandpass filters were applied to eliminate certain 

low-frequency components[34–36].The empirical mode decomposition (EMD) algorithm has been 

extensively employed for the processing of nonlinear and non-stationary signals. EMD, however, is 

prone to the influence of extraneous noise, which can precipitate issues such as modal aliasing and 

the emergence of spurious modes[37–39]. 

Mechanomyography (MMG) represents an intriguing area of research with substantial promise; 

however, it confronts numerous obstacles related to the extraction of signals. 

(1) Signal integrity within Myoelectric signals, specifically those categorized as Multi-channel 

MMG signals, is frequently compromised by the presence of noise. This noise contamination is 

attributable to a multitude of variables, including but not limited to, the displacement of skin, 

the positioning of sensors, and the transmission of ambient vibrations. The difficulty in acquiring 

pristine and dependable data is thereby heightened. 

(2) Sensitivity Variability in MMG Sensors: Variations in the sensitivity of MMG sensors can 

introduce discrepancies during the data acquisition phase. High amplitude sensitivity is 

essential for the detection of minute muscle vibrations; however, this elevated sensitivity may 

concurrently augment the levels of noise encountered. 

(3) The current literature demonstrates a deficiency in standardized methodologies for the 

collection and subsequent analysis of MMG data. This absence of uniform protocols presents a 

significant obstacle to the comparative assessment of findings among disparate studies. 

(4) Data interpretation: The analysis of myoelectric manifestations of gastrocnemius activity 

necessitates the deployment of advanced algorithms and computational models, which 

currently remain in the phase of active refinement and development. The intricacy associated 

with the coordination of muscular movements contributes significantly to the challenge 

encountered in this domain. 

(5) Integration of MMG Measurement Modalities with Complementary Sensing Techniques: The 

amalgamation of Mechanomyography (MMG) with additional sensing modalities, such as 

electromyography (EMG) or accelerometry, enhances the breadth of physiological insights 

obtained. However, this concatenation of data streams necessitates sophisticated methodologies 

for data integration and subsequent analysis, thereby increasing the complexity associated with 

data fusion and interpretive processes. 
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1.5. Introduction of This Research  

In the present study, the Complete Ensemble Empirical Mode Decomposition with Adaptive 

Noise (ICEEMDAN) algorithm [40–43] was employed for the extraction of MMG signals. Analysis of 

the envelope entropy revealed that the ICEEMDAN algorithm is superior in attenuating random 

noise present within MMG signals compared to conventional methods. Furthermore, a novel 

approach for estimating joint rotation angles has been introduced, utilizing the Broad Learning 

System. The parameters of this model were fine-tuned through the application of the Slime Mould 

Algorithm (SMA) [44–49]. The implementation of the SMA-BLS algorithm has significantly 

augmented the generalization capabilities of the joint angle prediction model, concurrently 

enhancing the model's training efficiency. 

2. Materials and Methods 

2.1. Experimental Process 

The experiment starts on January 2, 2024 and ends on January 5, 2024. From January 2 to January 

5, 2024, the data were accessed for research purposes and authors had access to information that 

could identify individual participants during or after data collection. 12 participants volunteered for 

inclusion in the study. All participants were fully informed regarding the nature of the research and 

provided informed consent prior to the commencement of the experimental protocol. In the present 

investigation, participants performed the consistent-speed arm front raise, elbow curl, and arm side 

raise exercises. Concurrently, MMG for the anterior deltoid, middle deltoid, posterior deltoid, and 

biceps were recorded. To enhance the amplitude of the MMG signals, subjects were instructed to hold 

a 2 kg weight throughout the exercises. 

MMG were derived from the acceleration signal data acquired via the Cometa wireless 

myoelectricity device—a state-of-the-art wireless instrument manufactured by Cometa, Italy. The 

device was shown in Figure 1. The instrument is capable of acquiring triaxial acceleration data, with 

the capability to configure the sampling rate up to 1000 Hz. The apparatus was strategically 

positioned over the anterior, middle, and posterior deltoid regions, throughout the course of the 

active movement protocol. To mitigate measurement inaccuracies, myoelectric sensors for detecting 

MMG signals were affixed to the muscle tissue using adhesive double-sided tape. 

In the present study, a 9-axis Inertial Measurement Unit (IMU) was utilized to record the angular 

displacement data of the joint throughout the exercise regimen. The IMU was shown in Figure 2. The 

Inertial Measurement Unit (IMU), integrating a triaxial accelerometer, gyroscope, and magnetometer, 

provides robust functionality for tracking comprehensive motion dynamics. Attachment of the 

Inertial Measurement Unit (IMU) to the humerus facilitated the acquisition of precise joint angle data. 

The position of IMU and myoelectricity device was shown in Figure 3.  

 

Figure 1. myoelectricity device. 
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Figure 2. 9-axis Inertial Measurement Unit. 

 

Figure 3. Schematic diagram of sensor wearing position. 

2.2. MMG Signal Extraction Method Based on ICEEMDAN Algorithm 

In this research, The ICEEMDAN was utilized to extract MMG signal from acceleration signal 

collected from deltoid muscles. ICEEMDAN represents a sophisticated advancement in signal 

processing methodologies, specifically developed to rectify certain inherent limitations observed 

within the conventional Empirical Mode Decomposition (EMD) algorithm and its ensemble variant, 

the Ensemble Empirical Mode Decomposition (EEMD).The overarching objective of the ICEEMDAN 

algorithm is to facilitate a decomposition process that is both more resilient and precise for non-

stationary and nonlinear signals, concurrently minimizing mode mixing and enhancing 

computational performance. The flow chat of ICEEMDAN was shown in Figure 4.  
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Figure 4. ICEEMDAN algorithm flow chat. 

2.3. Human Joint Rotation Angle Estimation Model Based on SMA-BLS 

In this research, the Broad learning system (BLS) was utilized for human joint angle prediction, 

and the Slime Mould Algorithm (SMA) was utilized for optimization of hyperparameters in BLS. The 

structure of BLS was shown in Figure 5, and the structure of human joint angle prediction method 

was shown in Figure 6. The following was an introduction to BLS and SMA. 
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Figure 5. Structure of Broad learning system. 

 

Figure 6. Structure of human joint angle prediction method. 

2.3.1. Broad Learning System  

The Broad Learning System (BLS) represents an innovative machine learning architecture, 

introduced as a substitute for conventional deep learning methodologies. Its primary objectives are 

to streamline the complexity of the model structure and to expedite the training phase. The 

hypothesis was introduced by a team of investigators from Guangdong University of Technology in 

the year 2017.The BLS has been architected to deliver elevated performance across diverse 

computational tasks such as classification, regression, and clustering. Notably, it accomplishes this 

with a substantial reduction in computational resource demands, in contrast to the more intensive 

requirements of deep neural networks.  

Steps of the Broad Learning System: 

(1) Data Preparation: 

Commence with the foundational raw input dataset, which may manifest in diverse formats 

including visual imagery, temporal sequences, or structured tabular records. 

Feature Extraction: As an elective step, initial feature preprocessing can be conducted to enhance 

the intrinsic characteristics of the dataset prior to subsequent analyses. The inclusion of this step is 

not mandatory, since the BLS is capable of processing raw data without prior manipulation. 

(2) Initialize Feature Nodes (FNs): 

Generate random projections by constructing a collection of random projection matrices. High-

dimensional feature space via these matrices. The quantity of feature nodes (N) and the magnitude 
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of dimensions for random projections (D) represent critical hyperparameters that necessitate careful 

specification and adjustment. 

Utilize random projection matrices to transform the input data, resultant in the generation of 

feature node representations. This can be expressed as follows: 

Z = XW   

where X is the input data, W is the random projection matrix, and Z is the transformed feature nodes. 

(3) Enhancement Nodes (ENs) Generation: 

Develop Enhancement Nodes: Formation of enhancement nodes is achieved through the 

application of rudimentary transformations to the existing feature nodes. Transformations may 

encompass linear combinations, nonlinear functions, or a variety of additional computational 

operations. The optimization of enhancement nodes facilitates the augmentation of the discriminative 

capacity within the feature representation framework. 

Integrate functional nodes (FNs) and enhancement nodes (ENs): The concatenation of FNs and 

ENs constitutes the composite feature representation, facilitating the refinement of the ultimate 

feature set. This can be expressed as follows: 

H = [ZE]   

where E is the enhancement nodes. 

(4) Ridge Regression for Output Mapping: 

Set Up Ridge Regression: Use ridge regression to map the combined feature representation H to 

the output. Ridge regression adds a regularization term to the loss function to prevent overfitting. 

Solve for Weights: The weights β for the ridge regression can be solved using the following 

formula: 

 β = (HTH + λI) −1HTY  

where Y is the target output, λ is the regularization parameter, and I is the identity matrix. 

(5) Model Training and Prediction 

Training: During training, the model learns the weights β using the training data. 

Prediction: For new input data, apply the same transformations to generate the feature nodes 

and enhancement nodes, and then use the learned weights β to make predictions: 

Y^ =Hβ  

(6) Incremental Learning: 

Incorporation of Novel Data and Features: The model architecture allows for the integration of 

new data or additional features by simply adding fresh feature nodes, thereby negating the need for 

complete retraining of the existing model. Revise the feature nodes and subsequently recalibrate the 

weight parameters to accommodate the updated values. 

Incorporate Additional Enhancement Nodes: Analogously, the procedure allows for the 

integration of supplementary enhancement nodes to refine and elevate the model's performance 

attributes. Revise the enhancement nodes and recalibrate the system to determine the updated 

weights. 

2.3.2. Slime Mould Algorithm  

The Slime Mould Algorithm (SMA) constitutes a metaheuristic optimization technique inspired 

by natural processes, specifically emulating the foraging and adaptive behavior exhibited by the 

slime mould Physarum polycephalum. The algorithm was initially proposed by Li et al. The 

algorithm, developed in 2020, has garnered significant interest due to its demonstrated efficiency and 

efficacy in addressing a diverse array of optimization challenges. 

Steps of the Broad Learning System: 

(1) Initialization: 

A cohort of prospective solutions, metaphorically analogous to slime moulds, is produced 

through random generation. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 December 2024 doi:10.20944/preprints202412.1406.v1

https://doi.org/10.20944/preprints202412.1406.v1


 11 

 

Each solution is denoted by a position vector, represented as Xi, with i serving as the index 

indicative of the particular solution's identity. 

(2) Fitness Evaluation: 

The efficacy of each solution is assessed by means of an objective function, which quantifies its 

performance. The optimal solution, characterized by the highest or lowest fitness metric as dictated 

by the specific problem context, is determined. 

(3) Position Update: 

The spatial coordinates of the solution set are iteratively refined by emulating the foraging 

behavior exhibited by Physarum polycephalum, commonly known as slime mould. the updated 

iterative equation is as follows: 

𝑋𝑖
𝑡+1 = 𝑋𝑖

𝑡 + 𝑟1 × (𝑋best 
𝑡 − |𝑋𝑖

𝑡|) × 𝑟2   

where: 𝑋𝑖
𝑡 is the position of the i-th solution at iteration t. 𝑋best 

𝑡  is the position of the best solution at 

iteration t. 𝑟1 and 𝑟2 are random numbers, with 𝑟1 uniformly distributed in [0, 1] and 𝑟2 in [-1, 1]. 

(4) Boundary Handling: 

Should the new positional coordinates of a solution entity surpass the defined limits of the search 

space, they are they realigned to ensure they remain contained within the established boundaries. 

(5) Fitness Re-evaluation: 

The fitness of each revised solution is reassessed, and the optimal solution is accordingly 

updated should a more superior alternative be identified. 

(6) Iteration: 

The iterative procedure continues until a predefined termination condition is fulfilled, including 

the attainment of a maximum iteration count or the achievement of an acceptable level of solution 

quality. 

3. Results 

3.1. The Results of MMG Signal Extraction 

The decomposition outcomes of the biceps' original signal utilizing the ICEEMDAN algorithm 

are presented in Figure 7a,b. The imf5-8, characterized by a central frequency range of 10-100 Hz, was 

identified as the MMG signal. Other Investigational Magnetic Fields (IMFs) pertained to high-

frequency noise, as well as comprising elements of gravitational acceleration and the acceleration 

associated with limb movements. Upon aggregating the decomposition outcomes, it was observed 

that the artifact in the ACC signal, post-processing with the ICEEMDAN algorithm, corresponded to 

the IMF characterized by a lower central frequency. Concurrently, the MMG signal was identified as 

the IMF component exhibiting an intermediate central frequency, consistently present across all four 

muscle types. 

Furthermore, the efficacy of the proposed method was benchmarked against six additional 

algorithms: Ensemble Synchro-squeezing Mode Decomposition (ESMD), Fast Ensemble Empirical 

Mode Decomposition (FEMD), Variational Mode Decomposition (VMD), Complete Ensemble 

Empirical Mode Decomposition (CEEMD), Ensemble Empirical Mode Decomposition (EEMD), and 

Empirical Mode Decomposition (EMD).The ICEEMDAN algorithm demonstrated the lowest 

envelope entropy, indicating that the Intrinsic Mode Functions (IMFs) derived from this method 

harbored the least amount of random noise. Consequently, these IMFs preserved the maximal 

integrity of the MMG signal, as well as the gravity acceleration and limb movement acceleration data. 

Envelope entropy of different extraction methods was shown in Figure 8. 
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(b) 

Figure 7. (a) Results of ICEEMDAN in the time domain. (b) Results of ICEEMDAN in the frequency 

domain. 

 

Figure 8. Envelope entropy of different extraction methods. 
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3.2. The Results of MMG Signal Preprocessing 

The MMG signal underwent a series of preprocessing steps, as delineated below: 

(1) DC offset elimination; 

(2) Full-wave rectification; 

(3) Linear envelope extraction 

(4) Normalization. 

Figure 9 illustrates the MMG signals, comparing their characteristics pre- and post-application 

of a multi-stage preprocessing algorithm. The graphical representation clearly demonstrated that the 

nonstationary MMG signal, which is typified by significant variability, was converted into a more 

regular and stationary form following the preprocessing procedure. 

 

Figure 9. Raw MMG signal and Prepared MMG signal. 

3.3. Joint Angle Prediciotn Results 

3.3.1. Forecasting Test Result of Single Person and Multi-Person 

In this inquiry, the information from three distinct workout routines was merged sequentially 

as lateral raises, front raises, and curls. Figure 10 displays the progressive outcomes of SMA-BLS, 

utilizing MSE as the criterion for evaluating performance. Table 1 reveals the refined parameters. 

Table 2 showcases the SMA-BLS performance on individual datasets, and Table 3 exhibits the 

outcomes on datasets involving multiple individuals. Both tables confirm SMA-BLS's exceptional 

predictive precision in both contexts. Notably, for solo datasets, subject S02 achieved peak accuracy 

with the following indices: MSE = 0.0015, RMSE = 0.0329, MAE = 0.0094, and R2 = 0.977. For collective 

datasets, the peak metrics were: MSE = 0.0017, RMSE = 0.0362, MAE = 0.0095, and R2 = 0.971. Table 3 

further highlights the Slime Mould algorithm's proficiency in fine-tuning BLS hyperparameters, 

markedly elevating prediction reliability. 
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Figure 10. evolution curve of SMA-BLS. 

Table 1. best parameters. 

Parameters Value 

L2 regularization parameters and enhanced node reduction ratio 0.968 

Number of windows in feature layer 50 

Number of feature nodes per window in feature layer 49 

The number of nodes in the enhancement layer 199 

Table 2. Forecasting test result of different subjects. 

Subject Number MSE RMSE MAE R2 

1     0.0019     0.0420     0.0102     0.953 

2     0.0015     0.0329     0.0094     0.977 

3     0.0021     0.0426     0.0131     0.939 

4     0.0022     0.0430     0.0168     0.949 

5     0.0026     0.0473     0.0193     0.934 
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6     0.0026     0.0470     0.0196     0.932 

7     0.0029     0.0510     0.0232     0.938 

8     0.0018     0.0406     0.0212     0.957 

9     0.0026     0.0469     0.0287     0.943 

10     0.0028     0.0490     0.0294     0.938 

11     0.0025     0.0463     0.0279     0.934 

12     0.0032     0.0525     0.0374     0.924 

Table 3. Forecasting train result of mix database. 

Method MSE RMSE MAE R2 

SMA-BLS 0.0017 0.0362 0.0095 0.971 

BLS 0.0041 0.0661 0.0601 0.936 

3.3.2. Forecasting Test Result of Different MMG Extraction Methods 

Table 4 delineated the comparative predictive outcomes of various myoelectric signal extraction 

techniques utilizing multi-subject datasets. The findings revealed that the ICEEMDAN algorithm 

yielded the maximal prediction accuracy when compared to other methods evaluated. The analysis 

indicates that the MMG signals isolated utilizing the ICEEMDAN algorithm exhibit the highest 

degree of correlation with human joint angles. Furthermore, the ICEEMDAN algorithm demonstrates 

superior noise suppression capabilities compared to other methodologies. 

Table 4. Forecasting test result of different MMG extraction methods. 

Method MSE RMSE MAE R2 

ICEEMDAN 0.0017 0.0362 0.0095 0.971 

ESMD 0.0026 0.0492 0.0191 0.944 

FEMD 0.0028 0.0494 0.0294 0.939 

VMD 0.0038 0.0601 0.0415 0.924 

CEEMD 0.0042 0.0685 0.0526 0.915 

EEMD 0.0047 0.0705 0.0661 0.903 

EMD 0.0048 0.0721 0.0659 0.902 

3.3.3. Forecasting Test Result of Different Forecast Methods 

The comparative analysis conducted on Sheet 6 revealed that the SMA-BLS algorithm exhibits 

superior efficiency and boasts enhanced prediction accuracy when contrasted with other algorithms 

evaluated. Sheet 6 illustrates the comparative outcomes of various forecasting methodologies 

utilizing multi-person datasets, with the SMA-BLS algorithm exhibiting superior performance in 

terms of estimation accuracy and computational efficiency. 

Table 5. Forecasting test result of different forecast methods. 

Method MSE RMSE MAE R2 Training Time(s)  Forecast Time(ms) 

SMA-BLS 0.0017 0.0362 0.0095 0.971 195±15.48 14.15±0.95 

BLS 0.0041 0.0661 0.0601 0.936 15±1.25 14.56±0.99 

CNN 0.0046 0.0727 0.0657 0.938 268±16.58 30.15±2.81 

SVM 0.0032 0.0536 0.0531 0.943 308±19.52 29.84±2.12 

BP 0.0047 0.0679 0.0657 0.939 136.28±16.74 29.2±2.9 

ELM 0.0041 0.0606 0.0803 0.938 291±20.54 31.48±3.21 

RF 0.0045 0.0667 0.0801 0.935 251±20.81 36.58±3.51 

RBF 0.0045 0.0673 0.0641 0.931 261±11.69 19.85±1.84 

LSTM 0.0042 0.0682 0.0784 0.920 61.28±4.95 24.19±2.6 
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3.3.4. Forecasting Test Result of Different Processing Parameters 

Table 6 presents the forecasting test results for different envelope orders. The best envelope 

order for MMG is 2. 

Table 6. Forecasting test result of different Envelope orders. 

Parameters MSE RMSE MAE R2 

MMG Envelope order = 2 0.0017 0.0362 0.0095 0.971 

MMG Envelope order = 4 0.0039 0.0642 0.0542 0.936 

MMG Envelope order = 6 0.0036 0.0625 0.0561 0.938 

MMG Envelope order = 8 0.0048 0.0751 0.0652 0.921 

4. Discussion 

In the present study, an isolation technique for MMG was developed utilizing the ICEEMDAN 

algorithm. ICEEMDAN had the following features:  

(1) Adaptive Noise Addition: 

Unlike EEMD, which adds fixed white noise, ICEEMDAN uses adaptive noise. The auditory 

signal is systematically modified across each phase of the decomposition process, with the level of 

introduced noise carefully calibrated to correspond with the prevailing characteristics of the signal 

at each respective stage. The implementation of this adaptive methodology facilitates the 

enhancement of mode separation quality, concurrently mitigating the deleterious effects of noise 

interference. 

(2) Complete Ensemble Approach: 

The ICEEMDAN method systematically employs a comprehensive ensemble strategy to 

mitigate the impact of introduced noise on the ultimate analytical outcomes. The computation of the 

ensemble mean for the Intrinsic Mode Functions (IMFs) serves to nullify the cumulative effect of 

introduced noise. The implementation of this approach enhances the reliability and consistency of 

the decomposition process. 

(3) Mode Mixing Reduction: 

Utilizing a meticulous approach to adjust the noise level in conjunction with employing a 

comprehensive ensemble, the ICEEMDAN algorithm effectively mitigates mode mixing. The 

resultant physically meaningful intermolecular forces (IMFs) are characterized by distinct oscillatory 

modes, with each IMF corresponding to an individual mode of oscillation. 

(4) Computational Efficiency: 

ICEEMDAN has been architected to enhance computational efficiency relative to the EEMD 

method. The application of adaptive noise techniques and the complete ensemble method 

significantly diminishes the iterative requirement for achieving convergence, thereby rendering the 

approach appropriate for real-time utilization and the processing of extensive datasets. 

information was utilized to evaluate the efficacy of the algorithms. The envelop entropy results 

indicated that the ICEEMDAN method was the most effective in removing random noise, thus 

preserving the majority of the MMG signal components. 

Following the isolation and preprocessing of MMG, the novel method for estimating joint 

rotating angles, which is based on the Self-Modulating Algorithm with SMA-BLS, was employed 

during the performance of arm lateral raises, arm forward raises, and elbow curls. The BLS exhibited 

the following characteristics: 

(1) Incremental Learning:  

The BLS incorporates an incremental learning capability, enabling the network to integrate new 

features or nodes without the necessity of retraining the entire system architecture. The adaptability 

of this system facilitates a high degree of flexibility and efficiency, rendering it particularly suitable 

for real-time learning and dynamic adjustments. 

(2) Flat Network Structure:  
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The architecture of the BLS network deviates from the multi-layered neuron configuration 

characteristic of deep learning models, employing instead a single, un-tiered structure. The 

architecture comprises a Feature Node (FN) layer, an Enhancement Node (EN) layer, and a Ridge 

Regression layer. The fully connected (FN) layer is responsible for the extraction of intrinsic features 

from the unprocessed input data. Subsequently, the enhancement layer (EN) amplifies the 

discriminatory attributes of these extracted features to facilitate improved recognition. Finally, the 

ridge regression layer performs a mapping function, translating the augmented features into the 

corresponding output. 

(3) Fast Training Speed:  

The flat architecture of the BLS, coupled with its capacity for incremental node addition, 

facilitates significantly faster training compared to deep neural networks. This characteristic renders 

it particularly apt for applications requiring expedited model updates. 

(4) High Accuracy:  

The BLS model, noted for its structural simplicity, exhibits accuracy that is either commensurate 

with or surpasses that of deep learning algorithms across a spectrum of tasks. This is particularly 

evident in scenarios where the available dataset is not of an excessively large magnitude. 

(5) BLS exhibits a low computational overhead due to the reduced number of parameters that 

necessitate optimization, thereby diminishing overall computational expenses and energy 

usage. This attribute is particularly advantageous in both cloud-centric and edge computing 

infrastructures. 

The characteristics of slime mould algorithm (SMA) were delineated as follows: 

(1) Foraging Behavior:  

SMA exhibit a remarkable capacity to identify the most direct route between food sources, 

dynamically modifying their network architecture to enhance resource acquisition efficiency. 

(2) Adaptability:  

Organisms have the capability to modulate their neural networks in a dynamic manner in 

response to fluctuations in environmental conditions, including variations in food availability and 

the presence of physical barriers. 

(3) Self-Organization:  

The network architecture instantiated by SMA exhibits self-organizational properties, enabling 

the formation of intricate structural configurations in the absence of centralized regulatory 

mechanisms. 

The enhancement of the SMA algorithm has markedly elevated the estimation precision of the 

BLS methodology. The integration of BLS training velocity advantages into the SMA-BLS model has 

resulted in a superior joint angle recognition algorithm characterized by high precision and minimal 

computational expenditure. 

5. Conclusions 

In the present investigation, we introduced an innovative methodology for the estimation of 

rotational angles of the shoulder joints, leveraging Mechanomyography (MMG) signals in 

conjunction with a Broad Learning System that has been enhanced by the Slime Mould Algorithm 

(SMA-BLS). The primary contributions of the present study encompass the following aspects: 

(1) Signal Extraction and Processing: 

ICEEMDAN was proposed to extract MMG signals from raw acceleration data. The employed 

technique successfully delineated the MMG signal, maintaining an equilibrium between the 

suppression of artifactual noise and the preservation of signal integrity with minimal distortion. 

(2) Model Development: 

The Slime Mould Algorithm-Optimized Broad Learning System (SMA-BLS) was employed for 

the estimation of joint rotational angles. The BLS is recognized for its capability to incrementally 

incorporate additional samples into its dataset without the necessity for retraining, thereby 

substantially diminishing computational expenses. Following optimization via the SMA, the 

estimation accuracy has been markedly enhanced. 

(3) Application Potential: 
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The novel paradigm facilitates the manipulation of wearable exoskeleton robots, enabling the 

provision of instantaneous feedback regarding articulatory kinematics. The findings carry profound 

implications for their application across various fields, including rehabilitation, sports science, and 

human-computer interaction. The utilization of both the extracted MMG and gesture artifacts enables 

the estimation of joint angles, thereby providing adaptability across diverse operational contexts. 

(4) Validation and Performance: 

The model's efficacy was confirmed via a series of experimental validations encompassing three 

distinct activity types, yielding results that consistently demonstrated precise estimations of joint 

rotational angles. 

The evaluation of the predictive accuracy for both individual and aggregated subject datasets 

revealed marked precision, characterized by minimal Mean Squared Error (MSE), reduced Root 

Mean Squared Error (RMSE), and diminished Mean Absolute Error (MAE), alongside elevated R2 

coefficients. These metrics collectively affirm the model's resilience and its capacity for broad 

applicability. 

Future Work: Subsequent investigations may be directed toward expanding the utilization of the suggested 

model to additional articulations and encompassing more intricate motion patterns. The incorporation of 

sophisticated sensor arrays and real-time data processing algorithms into the model has the potential to 

significantly augment its applied functionality. Investigative enhancement of the SMA, alongside the 

examination of additional bio-inspired computational methods, has the potential to yield improved performance 

metrics and an expanded scope of application. 
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