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Abstract: Article explores participant specific study of muscle inherehit dynamics hidden inside the diognostic 

electromyography (D-EMG) signals during load pull exercises, aiming to uncover underlying patterns and 

nonlinear behaviors. Employing a multi-step analytical framework, the study first evaluates signal stationarity 

through Quantile-Quantile (Q-Q) plot and surrogate data analyses, revealing insights into signal stability. 

Subsequent use of phase space reconstruction techniques exposes intrinsic dynamics within the EMG signals, 

visualized through Poincar’e maps, elucidating attractor geometry and system dynamics. Histogram analysis 

further dissects the Poincar´e maps, offering insights into signal behavior relative to physiological processes. 

Additionally, the study quantifies the largest Lyapunov exponent from the Poincar´e maps, providing a 

measure of dynamical complexity within the muscle EMG signals during load pull exercises. By integrating 

these methods, this research sheds light on the nuanced interplay between EMG signals and muscle activity 

during dynamic exercises, offering valuable insights for rehabilitation strategies. 

Keywords: D-EMG signal; histogram analysis; Largest Lyapunov Exponent (LLE);  

non stationarity test; phase space reconstruction; Recurrance Quantification Analysis (RQA); 

surrogate data analysis; 3D poincare map 

 

1. Introduction 

Diagnostic Electro-myographic (D-EMG) Signals are used to detect and analyse electrical 

activity produced by muscles during contraction. EMG signals are typically acquired using surface 

electrodes placed on the skin above the muscles of interest. Signal processing techniques, including 

filtering and feature extraction, are then applied to extract relevant information for the analysis of 

relevant muscle inherent dynamics during a particular action or movements [1,2]. 

Muscle dynamics analysis with EMG holds significant clinical relevance, particularly in 

diagnosing and monitoring neuromuscular disorders. Advancements in EMG technology and signal 

processing techniques have expanded the scope of muscle dynamics analysis [3].Abnormalities in 

muscle activation patterns, fatigue profiles, and coordination can indicate underlying pathologies, 

aiding in disease diagnosis and treatment evaluations [4]. 

Nonlinear methods in D-EMG signal muscle inherent dynamics analysis offer a promising 

avenue for unraveling the complexities of muscle function. Their application holds significant 

potential for enhancing our understanding of motor control mechanisms, neuromuscular disorders, 

and rehabilitation strategies, ultimately contributing to improved clinical outcomes and patient care 

[6–9].  

Patient-specific analysis of electromyography (EMG) signals using nonlinear methods offers 

several advantages in understanding individualized muscle dynamics and informing personalized 

treatment strategies [10–12]. Patient-specific abnormalities in signal complexity, entropy, or 

recurrence dynamics may serve as biomarkers for disease diagnosis and monitoring. By involving 
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patients in the analysis and interpretation of their EMG data, personalized approaches foster greater 

engagement and adherence to treatment plans. Empowering patients with insights into their own 

muscle dynamics encourages active participation in rehabilitation activities and promotes self-

management strategies.  

This article is organized as follows: Section 2 describes the methodologies with Subsection’s, 

Subsection 2.1 include details such as demographics of participants, data collection procedures, and 

relevant ethical considerations. Subsection 2.2 focuses on testing the stationarity of the data using a 

Q-Q plot. Subsection 2.3, involves analyzing surrogate data, reconstructed using delay-coordinate 

embed- ding, Subsection 2.5, of the study likely discusses how the Poincar´e map is constructed from 

the reconstructed phase space and its implications for understanding the system’s dynamics, 

stability, and periodic behaviour. Subsection 2.6, the computation of the largest Lyapunov exponent 

from Poincar´e maps contributes to understanding the dynamic behavior of the system under study, 

particularly its chaotic or regular nature. Section 3 discusses the observations and results obtained 

from the methodologies described in the Section 2, in subsequent subsections. Finally, conclusions 

and future aspects of the study has been discussed. 

2. Methodology 

2.1. Participants Information and Data Collection 

A male participant, age 22 years, weight 70 kg, height 5’ 7” (170.2 cm), was chosen for the present 

study under guided supervision and consent that the was not having any prior musculoskeletal 

injury which may lead to obstruction of the load pull task and a written consent for participation in 

the research activity. Non-invasive, disposable D-EMG electrode pairs are positioned parallel to the 

muscle of interest, such as the forearm, lateral-deltoids, biceps-bracci, and triceps-bracci, with a 0.2 

m inter-electrode spacing, in accordance with the guidelines outlined in [5,13–15]. D-EMG collected 

using RMS EMG Recorder Aleron 201/401* (2/4 channel acquisition).  

2.2. Test of Non Stationarity of Acquired D-EMG Signal using Quantile-Quantile (Q-Q) Plot and 

Augmented Dickey Fuller Test (ADF-Test) 

Acquired D-EMG Signal is a time series data by its nature of acquisition, thus Non-Stationarity 

test assesses variability of the acquired signal’s statistical property (like mean and variance) over 

time. Plotting each of the quantiles of two probability distributions against one another enables 

statisticians to compare the distributions of variables using a graphical tool called a quantile-quantile 

(Q-Q) plot. The ADF-Test, also known as the Augmented Dickey Fuller Test, determines whether a 

time series with one variable is non-stationary by evaluating the existence of a unit root. If the null 

hypothesis (presence of a unit root) is rejected, it suggests stationary. By combining Quantile-

Quantile (Q- Q) plot and the ADF test methods, one can gain a more nuanced understanding of the 

characteristics of the time series data and the potential presence of non-stationary [16–18]. 

2.3. Surrogate Data Analysis (99% Confidence Interval) 

The Test of Non-linearity by Surrogate Data is a method used to determine whether a given time 

series exhibits nonlinear behaviour. This test compares the original time series with surrogate data 

generated by shuffling the time order of the series while preserving its statistical properties. The 99% 

confidence interval in this context implies that the likelihood of observing a significant difference 

between the original D-EMG data and surrogate data due to random chance alone is less than 1%. If 

the comparison between the original data and surrogate data falls outside this confidence interval, 

validates the presence of non-linear behavior of the recorded time series signal [19–23]. 

2.4. Phase Space Reconstruction 

In the study of data driven nonlinear dynamics, phase space reconstruction is a method for 

analyzing the dynamics of a system from a time series of data. The goal is to use the phase space, a 
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higher-dimensional space, to embed the D-EMG time series and rebuild the system’s underlying 

dynamics [29]. Considering the D-EMG time series, 

{x(t1), x(t2), x(t3), x(t4), x(t4) … … . x(tN),embedded vectors is defined as, 

xi  =  [x(ti), x(ti  + τ), . . . . . . . . . , x(ti + (m − 1)τ)] (1) 

where ,τ is the time delay and m is the embedding dimension [24–27]. 

For each embedded vector xi , computation of Average Mutual Information between 

neighboring points in the reconstructed phase space,  

〈I(xi, xj)〉  =  
1

Nb
∑ I(xi, xj)

Nb
j=1     (2) 

Where, Nb, is the number of nearest neighbour used in the calculation and I(xi, xj) is the mutual 

information between embedded vectors xi & xj. The optimal values for m and τ can be determined 

by searching for values that maximize the criterion, such as the average mutual information, 

indicating that neighboring points in the reconstructed phase space contain significant information 

about each other [28,30–32]. 

2.6. Recurrence Quantification Analysis (RQA) of the Phase Space Reconstructed Set 

Recurrent Quantification Analysis (RQA), a method for analyzing the recurrence properties of a 

dynamical system, is widely used with D-EMG time series data. By quantifying recurrence plots, 

Recurrence Quantification Analysis (RQA) of D-EMG data evaluates patterns of muscle activity. RQA 

offers insights into the temporal dynamics and intricacy of EMG signals, while the plot illustrates the 

recurrent states within the phase space. If two states in the phase space are close to each other (i.e., 

their distance is below a certain threshold), they are considered recurrent. RQA involves the 

calculation of various quantification measures from the recurrence plot to characterize the system’s 

dynamics. Some commonly used measures includes:  

Recurrence Rate (RR): The percentage of pairs that recur in the phase space. Recurrence rate 

calculation simplified equation: 

RR =  
1

N2
∑ ∑ R(i, j)N

j=1
N
i=1  (3) 

where R(i,j) is the recurrence matrix, equal to 1 if points i and j are recurrent, and 0 otherwise. N is 

the number of points in the phase space.  

Determinism (DET): The proportion of repeated points that create diagonal lines on the 

recurrence plot. Equation for evaluating DET:  

DET =  
∑ l.RR(l)

NT
l=Imin

∑ l.RR(l)
Nτ
l=1

     (4) 

Average Diagonal Line Length (AvgL): Average diagonal line length in recurrence plot. 

Entropy (ENTR): The Shannon entropy of the distribution of diagonal line lengths. 

ENTR =  − ∑ p(i). log2( p(i))
Nτ
i=1    (5) 

Laminarity (LAM): The proportion of repeated points in a recurrence plot that form vertical 

lines.. 

LAM =  
∑ l.RRl

Nτ
l=1

∑ RRl
Nτ
l=1

 (6) 

RQA offers important insights into the predictability, complexity, and stability of the system’s 

underlying dynamics. It might be useful to comprehend the patterns and features of muscle 

activation in the context of EMG data [33–35]. 

2.7. Poincar’e Map Construction From Phase Space Reconstructed Set 

Once the phase space is reconstructed, a Poincar’e map can be constructed by intersecting 

trajectories in the phase space with a particular surface, often referred to as the Poincar’e section. The 

Poincar’e map is typically defined by fixing one or more variables in the phase space and observing 

the crossings of trajectories with this surface. Each intersection point offers a discrete representation 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 July 2024                   doi:10.20944/preprints202407.0911.v1

https://doi.org/10.20944/preprints202407.0911.v1


 4 

 

of the system dynamics, representing the state of the system at a specific instant in time. For the 

experiment set, tracing these positions at the intersections on the plane of section is difficult. The lack 

of a dynamical equation to calculate the intersections plane’s crossing z-plane locations is the cause 

of this. Making a histogram of the z-coordinate values in the phase space that has been rebuilt is one 

method of tackling the problem. Examine the histogram for any peaks or clusters that might point to 

areas where the route spends more time. Select a z-coordinate value that is close to a notable cluster’s 

center or peak. A three-dimensional surface that fits the distribution of points on the Poincar’e map 

is represented by the polynomial 3D plot of the Poincar’e map that has been created. The consistency 

and smoothness of the surface reveal details about the dynamics and stability of the system. Smooth 

surfaces are indicative of stable systems, whereas morecomplicated or fractured surfaces could point 

to chaotic or unstable ones [36,37]. 

2.8. Largest Lyapunov Exponent from Poincar’e Map 

The Largest Lyapunov Exponent (LLE) extracted from a Poincar’e map provides valuable 

information about the chaotic behavior and sensitivity to initial conditions within a dynamical system 

[38–40]. This involves selecting a hyperplane (or a section) in the reconstructed phase space and 

recording the intersections of trajectories with this hyperplane. For each point on the Poincar’e map, 

calculate the distance between neighboring trajectories. This is typically done using some norm (e.g., 

Euclidean distance). Use the distances between neighboring trajectories to calculate the Lyapunov 

exponents. For the largest Lyapunov exponent, the formula can be simplified as follows: 

λ1  = lim
n−>∞

1

n
∑ log

di

di0

n
i=1  (7) 

Where, di  is the distance between neighboring trajectories after i iterations and di0  is the initial 

distance between [40]. 

3. Results and Discussion 

3.1. Outcomes of Non Stationarity Test 

Figure 2 Shows the Q-Q plot, from the visual inspection the points deviate upwards or 

downwards from the diagonal dashed line (forming an S-curve shape), it suggests that the tails of the 

distribution in the data are heavier or lighter than expected under the theoretical distribution. This 

indicate non-stationarity, such as excess kurtosis (fat tails) or skewness. Table 1., Analytical findings 

from the ADF test for Biceps Muscle show that the test statistic is (-1.0547). The test statistic in this 

instance is below the critical values at all common levels (1%, 5%, and 10%), indicating that the null 

hypothesis cannot be ruled out. The test statistic’s corresponding p-value is 0.7328. A high p-value 

indicates that there is insufficient evidence to reject the null hypothesis of non-stationarity. When 

rejecting the null hypothesis, one must consider the critical values as thresholds. The crucial values 

in this instance are given at the 1%, 5%, and 10% levels. The test statistic exceeds these crucial values, 

hence the null hypothesis of non-stationarity cannot be rejected. We conclude that there is not enough 

evidence to reject the null hypothesis of non-stationarity based on the results of the Dickey-Fuller 

test. This implies a non-stationary D-EMG series. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 July 2024                   doi:10.20944/preprints202407.0911.v1

https://doi.org/10.20944/preprints202407.0911.v1


 5 

 

 

Figure 1. Recorded D-EMG data for Biceps Bracci, Lateral Deltoid, Forearm and Triceps 

Bracci,from the participant (male, age 22 years, weight 70 kg, height 5’ 7”, (170.2 cm)) . 

 

Figure 2. Non Stationarity test of the each aquired D-EMG signal from the muscle using Q-Q plot. 

 

Figure 3. Finding out optimal time delay (τ ) from the aquired D-EMG signal for the phase space 

reconstrution. 
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Figure 4. Finding out optimal embedded dimension (ϵ) from the aquired D-EMG signal for the Phase 

Space Re- construction. 

Table 1. Augmented Dickey Fuller Test. 

 Biceps Bracci Deltoids Fore Arm Triceps 

Test Statistics -1.054 -5.52 -0.639 -0.739 

p-value 0.732 1.883 0.848 0.838 

Critical Value:  

1% -3.439 -3.439 -3.439 -3.439 

5% -2.865 -2.865 -2.865 -2.865 

10% -2.568 -2.568 -2.568 -2.568 

3.2. Outcomes of Surrogate Data Analysis 

Table 2. Electromyography (EMG) data from the biceps, deltoids, forearm, and triceps were used 

as surrogate data for data analysis. This allowed for the determination of critical values at a 99% 

confidence level and the observation that the EMG data displayed nonlinear behavior. A p-value of 

0.01 indicates that, in only 1% of circumstances, we would expect to see a test statistic that is as 

extreme as or more extreme than the one we observed if the null hypothesis were true (i.e., if the 

original time series were linear). The original time series is probably nonlinear as this number is less 

than a common significance threshold, such as 0.05, which leads us to reject the null hypothesis. The 

critical value is calculated at the 99% confidence level. 

Table 2. Test for Surrogate Data Analysis (Critical Value 99% Confidence Level). 

 Biceps Bracci Deltoids Fore Arm Triceps 

p-value 0.01 0.01 0.667 0.01 

Critical Value 1.905 2.628 1.679 1.833 

Table 3. Recurrence Quantification Analysis. 

 Biceps Bracci Deltoids Fore Arm Triceps 

Recurrence Rate (RR) 0.0015 0.024 0.836 0.045 

Determinism(DET) 0.43 0.47 0.48 0.49 

Laminarity (LAM) 0.43 0.47 0.48 0.49 

Entropy (ENTR) 6.47 5.14 5.39 5.87 

Mean LL 41.59 16.96 26.10 29.19 
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3.3. Outcomes of Recurrence Quantification Analysis 

Each muscle exhibits unique recurrence quantification outcomes, suggesting variations in their 

dynamical properties. Forearm has the highest recurrence rate (0.836), indicating a higher frequency 

of revisiting previous states. Biceps Brachii has the lowest recurrence rate (0.0015), suggesting less 

repetition in its dynamics.Deltoids, Forearm, and Triceps show similar values for both determinism 

and laminarity, indicating comparable levels of deterministic behavior and laminar structures in their 

dynamics. Biceps Brachii has the lowest values for both determinism (0.0429) and laminarity (0.429), 

indicating less deterministic behavior and fewer laminar structures compared to the other muscles. 

Biceps Brachii exhibits the highest entropy. (6.477), indicating higher complexity or irregularity in its 

dynamics. Deltoids, Forearm, and Triceps show lower entropy values, suggesting relatively lower 

complexity compared to the Biceps Brachii muscle. he Biceps Brachii muscle appears to have less 

deterministic behavior, higher complexity, and longer recurrent patterns compared to the other 

muscles analyzed.  

3.4. Analysis of Poincar’e Map  

Considering Figures 5–7, For Biceps, At about 17.5, the histogram clearly demonstrates a peak. 

This implies that the z-coordinate in the phase space has a preferred value. A high-density point is 

seen close to the surface’s center on the Poincar’e map. This implies that the system contains an 

attractor. The 3D plot of the Poincar’e map shows a smooth and continuous surface. This suggests 

that the system is stable. Regarding Deltoids, The histogram exhibits a distinct peak at around 18.1. 

This implies that the z-coordinate in the phase space has a preferred value. A high-density point is 

seen close to the surface’s center on the Poincar’e map. This implies that the system contains an 

attractor. For Triceps, The histogram shows a clear peak at around 6.475. This implies that the z-

coordinate in the phase space has a preferred value. A high-density point is seen close to the surface’s 

center on the Poincar’e map. This implies that the system contains an attractor. The Poincar’e map’s 

three-dimensional layout displays a continuous, smooth surface. This implies that stability inside the 

system. A distinct peak can be seen in the forearm histogram at about 2.525. This implies that the z-

coordinate in the phase space has a preferred value.A high-density point is seen close to the surface’s 

center on the Poincar’e map. This implies that the system contains an attractor. The Poincar’e map’s 

three-dimensional layout displays a continuous, smooth surface. This implies that stability inside the 

system. Overall, the analysis of the plots suggests that all four muscles exhibit stable behavior with 

attractors in their phase spaces.  

 

Figure 5. Phase Space Reconstructed D-EMG signal using optimal time delay (τ) and optimal 

embedded dimension (ϵ). 
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Figure 6. Recurrence Plot for RQA of phase space reconstructed D-EMG signal of each 

muscle. 

 

Figure 7. Computational analysis histogram of the z- coordinate values in the reconstructed phase 

space for each Muscle. 
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Figure 8. Polynomial 3D Plot of Poincar’e Map, represents a three-dimensional surface that fits the 

distribution of points on the Poincar’e map. 

3.5. Analysis of Poincar’e Map  

Table 4, The largest Lyapunov exponents from the poincare maps of phase space reconstructed 

for the triceps, biceps, forearm, and deltoids are 0.3199, 0.26, 0.121 , and 0.10098, respectively. These 

values represent the rate of divergence or convergence of nearby trajectories in the reconstructed 

phase space, providing insights into the system’s dynamical behavior. The deltoids exhibit the 

highest complexity among the analyzed muscle groups, with a Lyapunov exponent of 0.18. This 

suggests that the dynamics of the deltoids during the observed motion are more chaotic or 

unpredictable compared to the other muscles. The differences in Lyapunov exponents among 

muscles may reflect variations in coordination and synchronization. Lower Lyapunov exponents 

(biceps with 0.12) indicate more ordered and synchronized motion, whereas higher exponents ( 

deltoids with 0.18) suggest greater variability and less synchronization between muscle groups. 

Analyzing the dynamical properties of muscle activity could provide valuable insights into 

movement disorders or rehabilitation processes. Monitoring changes in Lyapunov exponents could 

help assess the effectiveness of interventions or track progression in conditions affecting 

neuromuscular control. 

Table 4. Largest Lyapunov Exponent (LLE). 

 Biceps Bracci Deltoids Fore Arm Triceps 

LLE 0.3199 0.26 0.121 0.10098 

4. Conclusions 

This study has provided valuable insights into the muscle dynamics during exercise activity 

through a participant specific analysis. By utilizing various analytical techniques, including 

stationarity tests, surrogate data analysis, phase space reconstruction, Recurrance Quantification 

Analysis (RQA) Poincar’e map formulation, and calculation of the largest Lyapunov exponent, the 

non-linear and chaotic nature of electromyography (EMG) signals has been explored. The findings 

suggest that the muscle dynamics exhibit complex behavior, characterized by non-stationarity and 

chaotic dynamics. This implies that traditional linear models may not fully capture the intricacies of 

muscle activity during exercise. Understanding these dynamics is crucial for improving the accuracy 

of models.Future works in this area could focus on several aspects. Firstly, further exploration of 

different exercise modalities and muscle groups could provide a comprehensive understanding of 

muscle dynamics across various contexts.Moreover, longitudinal studies tracking muscle dynamics 
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over extended periods could reveal insights into the adaptive processes and effects in the dynamics 

of exercise on muscle function.  

Supplementary Materials: The code developed for this study is available on GitHub repository at 

https://github.com/PritamChakraborty-99/Upper-Limb-Time-Series-Analysis. 
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