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A B S T R A C T 

     

Background: Walking, as a complex motor activity, requires precise coordination within the neuromuscular 

system. This study aimed to analyze the multiscale complexity of electroencephalography (EEG) signals and 

kinematic data during walking to investigate brain-lower limb interactions.  

Methods: Thirteen male participants walked on a treadmill under controlled conditions, during which EEG 

signals and kinematic data were recorded. Multifractal complexity analysis using the multifractal detrended 

fluctuation analysis (MF-DFA) method was applied to the data to extract the Hurst exponent as a complexity 

index for dynamic features of movements in displacement dimensions along three axes (X, Y, Z) and cortical 

activity in motor brain regions (C3 and C4) during walking. 

Results: Results indicated that the generalized Hurst exponent H(q) in the C3 and C4 regions was similar and 

exhibited a significant positive correlation with the same parameter in the dynamics of the contralateral limb, 

supporting the principle of interhemispheric control. Segmental analysis of the thigh, shank, and foot revealed 

substantial dynamic symmetry between the right and left sides. The multifractal patterns of the segments 

demonstrated significant differences, with the highest H(q) in the shank and the lowest in the thigh. Strong intra-

system coordination among segments suggests an integrated organization in motor control. 

Conclusions: These findings confirm neuromuscular symmetry and coordination, provide utility for assessing 

motor disorders and designing rehabilitation protocols, and underscore the importance of multiscale analysis in 

elucidating complex brain-body interactions, with potential applications in neuroscience, biomechanics, and 

rehabilitation research. 
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Introduction 

Analysis of electroencephalography (EEG) signal complexity can reveal neural processing 

patterns associated with motor planning and execution, while kinematic data provide insights into 

the coordination, symmetry, and dynamics of lower limb movements [1] . Studies have 

demonstrated that alterations in gait patterns, such as reduced stability or step asymmetry, can be 

identified under the influence of neurological disorders like Parkinson's disease or stroke. For 

example, simultaneous EEG and kinematic analysis in patients with Parkinson's disease has more 

precisely delineated motor deficits and compensatory mechanisms  [2] . However, most prior 

investigations have focused on separate or single-scale analyses of these data, with limited 

attention to concurrent and multiscale examinations of brain-body interactions during walking [3] . 

Biological signals such as EEG and kinematic data often exhibit nonlinear and complex behaviors 

that traditional linear analysis methods may not fully capture [4] . Multifractal analysis, designed 

to probe signals exhibiting multifractal scaling behaviors, provides a robust tool for elucidating 

the complexity and variability of these signals [5] . This approach, employing indices such as the 

Hurst exponent and the multifractal spectrum, enables the examination of signal dynamic features 

across multiple scales. Detrending in time series analysis entails the removal of the trend or overall 

drift (Trend) from the data to uncover the intrinsic fluctuations of the time series, free from the 

effects of gradual changes or long-term trends. For instance, in gait kinematic studies, it involves 

eliminating the shared and trending components of kinematic data curves (across various walking 

cycles of an individual) and conducting analytical processing on the unique, non-shared portions 

of each cycle relative to the others. The primary objective of detrending is to facilitate a more 

accurate analysis of fluctuations and stochastic behaviors in the data [6] . 

The multifractal detrended fluctuation analysis (MF-DFA) method serves as a powerful tool for 

investigating nonlinear and self-similar dynamics in biological data, enabling the analysis of 

complexity patterns across various temporal scales [7] . By extracting the Hurst exponent and 

identifying multiscale features, this method aids in understanding alterations in neuromuscular 

control and responses to interventions [8] . Clinical applications of MF-DFA encompass early 

detection of motor disorders, evaluation of rehabilitation program efficacy, and design of 

intelligent prostheses that synchronize with natural gait patterns [9] . In recent years, this analysis 

has been extensively employed to study EEG signals in cognitive and motor tasks. For instance, 

researchers utilized detrended multifractal analysis to classify cognitive tasks based on EEG 

signals, demonstrating its efficacy in extracting nonlinear signal features [11] . MF-DFA is 

specifically designed to identify self-similarity and multifractal structures in time series, 

determining whether the data exhibit similar or divergent behaviors across different scales and 

moments. It has been shown that multifractal analysis of EEG correlates with cognitive test scores 

in mild cognitive impairment [11] . Additionally, a group of researchers, employing multifractal 

analysis and entropy, revealed spatial organization in local functional connectivity of resting-state 
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EEG [12] . Another group applied multifractal analysis to examine EEG during actual and 

imagined movements [31] . In the realm of human locomotion, multifractal analysis has been used 

to study the complexity of gait patterns, as it can detect structured or random characteristics in the 

residual data following the removal of common trends. Previously, researchers proposed a 

multifractal dynamic model for human walking that indicates the presence of multifractal features 

in stride interval time series [14] . More recently, investigators applied multiscale multifractal 

analysis to human movements during cognitive tasks, providing insights into motor coordination 

[15] . Despite these advancements, few studies have concurrently performed multifractal analysis 

on EEG signals and kinematic data during walking. Integrating these two data types can offer a 

more comprehensive understanding of neural control in gait. Datasets combining kinematics, 

kinetics, and EMG data in walking provide valuable resources for this purpose [16] . This study 

aims to address the existing research gap by employing the MF-DFA method to analyze the 

multiscale complexity of EEG signals and kinematic data during the walking process. We seek to 

examine the nonlinear relationships between brain activity (focusing on the motor cortex) and 

motor dynamics (emphasizing limb displacements during walking) across various temporal scales. 

The intention is to analyze the residual data in each gait cycle—after removing the shared brain 

and motion components across cycles—to elucidate their self-similarity features. The results of 

this research can establish a framework for natural walking behavior in both neural and 

biomechanical dimensions, with applications in diagnosing neurological disorders, designing 

advanced robotic systems, and enhancing rehabilitation programs for patients with motor 

impairments. 

Material and Methods 

Procedure: Participants walked on a treadmill under controlled conditions with no incline, and the 

experimental protocol consisted of two primary stages. Initially, participants underwent training 

to familiarize themselves with the apparatus, its operation, and treadmill locomotion, thereby 

enhancing their comfort level. Subsequently, during the speed adjustment phase, participants first 

walked for 1 minute at a fixed speed, followed by 1 minute at a speed approaching the transition 

threshold from walking to running. These stages were designed to determine the preferred walking 

speed and facilitate participant adaptation to treadmill conditions. In the main phase, participants 

performed 1 minute of walking on the treadmill at their preferred speed. EEG data was captred 

using a LIV EEG system with active electrodes along motor 

cortex (C3 and C4 regions) as showed on Fig. 1 using 

conventional 10-20 electrode placement system. 

Figure 1:Electrode placement based on 

10-20 system 
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Data Processing: The recorded EEG signals underwent preprocessing in MATLAB software using 

the EEGLab toolbox to remove artifacts and noise, encompassing three main stages. In the first 

stage, a finite impulse response (FIR) filter with a frequency band of 1–30 Hz was applied to 

eliminate high- and low-frequency noise. Subsequently, in the second stage, independent 

component analysis (ICA) was employed to identify and remove potential artifacts; this method 

facilitated the detection and elimination of non-essential components, such as motion-induced 

vibrations affecting electrode recordings. Following artifact identification, non-essential 

components were removed, and signals were labeled based on events recorded in MATLAB 

software, thereby enhancing the accuracy of signal analysis. 

For kinematic data processing, the x-component displacement of heel markers for 

each foot (as per Figure 2)—due to the curve's single extremum—was initially 

utilized to extract gait pattern recognition and timing for left and right steps. Data 

analysis was conducted using the SciPy and NumPy libraries in the Python 

programming environment, executed in two main stages. In the first stage, 

kinematic data were converted to CSV format, and marker displacement 

parameters in three dimensions were extracted. At this stage, based on the 

conventional marker averaging method, the positions of virtual distal and proximal 

markers for the thigh, shank, and foot segments were determined. Given that the 

Hurst exponent focuses on examining time series dynamics as an indicator of the 

complexity of the studied system's behavior, for simplicity, only the positions of 

virtual distal and proximal markers for the thigh, shank, and foot segments were 

selected as preferred time series for assessing walking motion complexity. Then, 

in the second stage, multifractal detrended fluctuation analysis (MF-DFA) was 

performed on the data. This analysis, utilizing standard methods, was dedicated 

to extracting fluctuations and motion characteristics and included steps such as constructing the 

time series profile, dividing data into equal segments, fitting and detrending, calculating 

fluctuations, and extracting H(q). The steps of this analysis are as follows: Based on the DFA and 

MFDFA methods proposed by previous studies [6], all data were normalized as time series to 

achieve zero mean and unit variance, where 𝑥̅  is the mean of the time series and σ𝑥 is the standard 

deviation of the time series. 

            (1                        ) 𝑥𝑘′ =
𝑥𝑘−𝑥̅

𝜎𝑥
 

To elucidate the cumulative variations in the data, the cumulative profile 𝑌(𝑖) was computed, 

representing the cumulative sum of deviations of the time series from its mean: 

(2                        ) 𝑌(𝑖) = ∑ (𝑥𝑘 − 𝑥̅)𝑖
𝑘=1  

The time series data were divided into non-overlapping segments for each scale τ. These segments 

corresponded to complete gait cycles for the right foot markers in the right foot cycles and for the 

left foot markers in the left foot cycles. These cycles were extracted from the x-component 

displacement of the heel marker for each foot. This approach was chosen due to the clear 

identification of extremum points (maxima and minima) in the gait cycle within this marker's 

Figure 2;The markerset 

that used in lower 

extremity 
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component, which repeats solely across walking cycles. Figure 3 delineates the segmentation 

points of the time series for the left and right gait cycles. 

 

Figure 3: Boundaries of each step based on the x component of the right heel (RCA) and the left heel (LCA) markers 

The profile 𝑌(𝑖) was partitioned into Ns segments of length s, where s denotes various temporal 

scales, typically selected as powers of 2. To ensure full data coverage, segmentation from the end 

was also performed using the reversed data (𝑠 =  2, 4, 8, 16, ….). To remove local trends, a 

polynomial of degree m was fitted within each segment ν\nu, where 1≤ν≤N_s: 

(3                        ) 𝑃𝜈, 𝑚(𝑖) == 𝑐0 + 𝑐1𝑖 + 𝑐2𝑖2 + ⋯ + 𝑐𝑚𝑖𝑚 

The detrended signal was then computed by subtracting this polynomial from the profile data: 

(4                        ) 𝑌𝑑𝑒𝑡𝑟𝑒𝑛𝑑𝑒𝑑,𝜈(𝑖) = 𝑌(𝑖) − 𝑃𝜈,𝑚(𝑖) 

The fluctuation function 𝐹𝑞(𝑠) for each segment was calculated, where 𝑞 is the order parameter: 

(5                        ) 𝐹𝑞(𝑠) = (
1

2𝑁𝑠
∑ [

1

𝑠
∑ (𝑌detrended,𝜈(𝑖))

2
𝑠
𝑖=1 ]

𝑞/2
2𝑁𝑠
𝜈=1 )

1/𝑞

 

For 𝑞 = 0, the following limit was employed: 

(6                        ) 𝐹0(𝑠) = exp (
1

2𝑁𝑠
∑ ln [

1

𝑠
∑ (𝑌detrended,𝜈(𝑖))

2
𝑠
𝑖=1 ]

2𝑁𝑠
𝜈=1 ) 

For each 𝑞, the following logarithmic relation was examined: 

(7                        ) 𝑙 𝑛 𝐹 𝑞(𝑠) ∼ ℎ(𝑞) ln 𝑠 

The slope of the fitted line on the plot of log 𝐹𝑞(𝑠)versus log 𝑠 yields the 𝑞-order Hurst exponent 

ℎ(𝑞). The Hurst exponents ℎ(𝑞)were computed over a wide range of 𝑞, such as from -5 to 5. These 

values highlighted distinct data characteristics: for 𝑞 > 0, the dependence of larger fluctuations 

was examined, whereas for 𝑞 < 0, emphasis was placed on smaller fluctuations. 

Statistical Analyses: Relationships between the complexity of EEG signals and kinematic data 

were examined using descriptive statistics (mean, median, standard deviation, and range) for the 
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Hurst exponent of each time series. Associations between EEG signal complexity and kinematic 

data were assessed via Pearson correlation coefficient (significance level: p < 0.05). One-way 

analysis of variance (ANOVA) was conducted to compare Hurst exponents across segments (thigh, 

shank, foot) and brain regions (C3, C4). Analyses were performed in Python using the SciPy 

library. These computations provided a clear depiction of data distribution and primary 

characteristics among participants. Appropriate q values (0, 2) were selected based on the research 

context [6]. Data normality was evaluated using the Shapiro-Wilk test, and accordingly, the mean 

served as the central tendency measure, the median for assessing symmetric distributions, and the 

standard deviation for quantifying data dispersion, thereby enabling a more precise examination 

of the collected data features. Additionally, the range of variations aided in identifying potential 

differences across participants. Subsequently, correlational and comparative analyses were 

employed to test the research hypotheses. This two-stage approach not only facilitated a rigorous 

evaluation of group-level data but also yielded key insights into the interrelationships between 

brain signal complexity and kinematic walking features as derived from MF-DFA. 

 

Results 

In total, the displacement data of the virtual markers for the right and left thigh, shank, and foot 

segments in the three axes (X, Y, Z), along with cortical activity in the left and right motor regions, 

were analyzed using the multifractal detrended fluctuation analysis (MF-DFA) method (Figure 4). 

The Hurst exponent data—as one of the most important complexity indices in this method—for 

the entire group are presented in Tables 1 and 2, along with the results of normality testing 

(Shapiro-Wilk) for the data. 

Figure 4: Distribution of the mean of the Hurst function among the statistical sample 
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The generalized Hurst exponent H(q) values in the primary motor regions revealed that 

electroencephalography (EEG) activity in the C3 region (right hemisphere) and C4 region (left 

hemisphere) exhibited a similar pattern. The mean H(q) in C3 was 0.648 ± 0.107, and in C4, it was 

0.649 ± 0.110, with no statistically significant difference (t(24) = 0.021, p = 0.984). The range of 

variations in C3 spanned from 0.420 to 0.839, and in C4, from 0.423 to 0.854. Correlation analysis 

indicated that activity in the C3 region exhibited a significant positive correlation with the motor 

dynamics of the left foot (r = 0.62, p = 0.021), and activity in the C4 region with the motor 

dynamics of the right foot (r = 0.54, p = 0.048). The present study, through examination of the 

generalized Hurst exponent values in the lower limbs, unveiled an intriguing pattern of functional 

symmetry. Statistical analyses, including paired t-tests and effect size calculations, demonstrated 

no statistically significant differences between right- and left-side body performance across any of 

the examined segments (thigh, shank, and foot, p > 0.05).  

Table 2: Descriptive statistics of Hurst exponent in the brain and 

displacement of the left and right markers 

Signal mean std count min max 

C4 0/64 0/10 13 0/42 0/85 

LEFT FOOT X Mean 0/87 0/04 13 0/79 0/97 

LEFT FOOT Y Mean 1/47 0/07 13 1/35 1/60 

LEFT FOOT Z Mean 1/00 0/05 13 0/88 1/09 

LEFT SHANK X Mean 0/99 0/06 13 0/92 1/13 

LEFT SHANK Y Mean 1/39 0/05 13 1/30 1/459 

LEFT SHANK Z Mean 1/038 0/07 13 0/90 1/14 

LEFT TIGHT X Mean 1/10 0/07 13 0/97 1/26 

LEFT TIGHT Y Mean 1/32 0/06 13 1/21 1/40 

LEFT TIGHT Z Mean 0/82 0/05 13 0/72 0/92 

C3 0/64 0/10 13 0/42 0/83 

RIGHT FOOTX Mean 0/87 0/04 13 0/80 0/95 

RIGHT FOOTY Mean 1/48 0/08 13 1/30 1/58 

RIGHT FOOTZ Mean 1/01 0/06 13 0/86 1/13 

RIGHT SHANKX Mean 0/98 0/05 13 0/90 1/10 

RIGHT SHANKY Mean 1/38 0/06 13 1/24 1/48 

RIGHT SHANKZ Mean 1/04 0/07 13 0/91 1/14 

RIGHT TIGHTX Mean 1/09 0/06 13 1/00 1/27 

RIGHT TIGHTY Mean 1/33 0/06 13 1/18 1/44 

RIGHT TIGHTZ Mean 0/83 0/05 13 0/71 0/93 

 

Table 1: Normality tests of Hurst exponent mean in 

brain and lower extremities of subjects (Shapiro-Wilk) 

Signal W p-value 

C4 0.89 0.10 

LEFT FOOT X Mean 0.96 0.83 

LEFT FOOT Y Mean 0.96 0.79 

LEFT FOOT Z Mean 0.97 0.97 

LEFT SHANK X Mean 0.85 0.03 

LEFT SHANK Y Mean 0.89 0.12 

LEFT SHANK Z Mean 0.95 0.65 

LEFT TIGHT X Mean 0.94 0.58 

LEFT TIGHT Y Mean 0.90 0.17 

LEFT TIGHT Z Mean 0.97 0.89 

C3 0.90 0.14 

RIGHT FOOT X Mean 0.97 0.94 

RIGHT FOOT Y Mean 0.82 0.01 

RIGHT FOOT Z Mean 0.96 0.86 

RIGHT SHANKX 
Mean 

0.94 0.46 

RIGHT SHANKY 
Mean 

0.97 0.91 

RIGHT SHANKZ Mean 0.93 0.42 

RIGHT TIGHTX Mean 0.86 0.03 

RIGHT TIGHTY Mean 0.93 0.35 

RIGHT TIGHTZ Mean 0.98 0.99 
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The mean difference between sides was only 0.008 ± 0.023, which is considered clinically 

negligible (95% confidence interval: -0.026 to 0.042), and the calculated effect size (d = 0.07) was 

trivial. Analysis of the left-side segments revealed significant differences in multifractal activity 

patterns across various lower limb sections (F(2, 36) = 58.37, p < 0.001). In other words, the self-

similarity of these data varied across these sections. Specifically, the shank exhibited the highest 

mean H(q) of 1.142 ± 0.065, while the thigh showed the lowest at 1.086 ± 0.063. Tukey's post-hoc 

test confirmed these differences as statistically significant (p < 0.05). In the axial analysis, the Y-

axis recorded the highest mean H(q) of 1.401 ± 0.064, and the Z-axis the lowest at 0.956 ± 0.062. 

These findings were fully consistent with those on the right side. One-way ANOVA indicated 

significant differences between segments (F(2, 36) = 62.18, p < 0.001). Similar to the left side, the 

shank displayed the highest mean H(q) of 1.140 ± 0.067, and the thigh the lowest at 1.090 ± 0.064. 

The axial pattern on the right side mirrored that of the left, with the Y-axis showing the highest 

mean value (1.403 ± 0.072), followed by the X-axis (0.987 ± 0.055), and finally the Z-axis (0.963 

± 0.068). This bilateral consistency underscores a systematic and coordinated organization in 

neuromuscular motor control. Furthermore, intra-side correlation analyses unveiled a notable 

pattern of functional coordination. Across both sides of the body, correlations between segments 

were very strong and significant (r > 0.75, p < 0.001). These findings suggest that, following the 

removal of common trends in these motor and neural data (distinct from the analysis of primary 

trends in biomechanics), the residual non-common trends also adhere to an underlying order and 

stability. Evidently, the neuromuscular system employs an integrated pattern for motion control. 

Notably, the high correlation between the shank and foot (left side: r = 0.82; right side: r = 0.79) 

may highlight the critical role of this linkage in postural control and gait. 

The findings presented in Table 3 indicate that the EEG activity pattern in the motor regions is 

symmetric and supports contralateral motor control. Furthermore, strong intra-system coordination 

exists between various sections of these regions (p < 0.05). 

 

Table 3: EEG results and correlation with contralateral limb movement dynamics 

Region/Segment Mean H(q) ± SD Range Correlation with Contralateral Limb Motor Dynamics 

C3 - Right Hemisphere 0.648 ± 0.107 0.420–0.839 r = 0.62* (with left foot) 

C4 - Left Hemisphere 0.649 ± 0.110 0.423–0.854 r = 0.54* (with right foot) 

 

Discussion 

This study utilized multifractal detrended fluctuation analysis (MF-DFA) to examine the dynamic 

complexity of electroencephalography (EEG) signals and kinematic data during walking in healthy young 

adults. The findings offer valuable insights into brain-body interactions underlying motor control, 

underscoring the symmetry of cerebral and locomotor activity in healthy individuals. In this section, the 

key results are discussed and interpreted in relation to the existing literature, with a focus on the primary 

dimensions highlighted. 
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Motor Brain Regions: The findings of this study revealed that the Hurst exponent H(q) in the C3 and C4 

regions was highly similar. The mean H(q) for C3 was 0.648 and for C4, 0.649 (p = 0.41), indicating 

equivalent dynamic complexity in neural activity across both hemispheres. This symmetry aligns with prior 

studies employing nonlinear analyses, such as the Hurst exponent, to investigate EEG. For instance, a study 

utilizing the Hurst exponent to extract nonlinear EEG features [17] demonstrated that EEG signal 

complexity can be comparable under varying conditions. Additionally, another investigation reported high 

coordination between left and right motor brain regions during voluntary muscle contractions, supporting 

functional interhemispheric coordination [18]. Furthermore, a study examining EEG differences in left- 

and right-hand motor imagery found that subtle differences between hemispheric EEG signals could be 

induced through training, yet overall symmetry in brain activity was observed [19]. These results affirm 

that, in healthy individuals, motor control-related brain activities in both hemispheres operate 

symmetrically; however, external factors such as noise or volume conduction effects may influence Hurst 

exponent estimation [20], highlighting the need for more refined analyses in future studies. 

Lower Limbs: The results of this study indicated that the dynamic complexity of thigh, shank, and foot 

movements was highly similar across both sides of the body, with minor differences in the lateral (Y) and 

vertical (Z) axes. For example, the mean H(q) for the Y-axis in the left shank (1.397) was slightly higher 

than in the right shank (1.383), and greater complexity was observed in the right foot along the Y and Z 

axes. This overall symmetry is consistent with gait studies in healthy individuals. A study applying fractal 

analysis to examine gait variability showed that gait patterns in healthy individuals are typically symmetric, 

with the Hurst exponent serving as an index for assessing gait adaptability [21]. Moreover, another research 

highlighted that gait complexity in healthy individuals reflects neuromuscular coordination [22]. However, 

in pathological conditions such as Parkinson's disease, gait asymmetry may increase [22], suggesting that 

the symmetry findings of this study are consistent with the existing literature for healthy populations. The 

minor differences observed in the Y and Z axes may relate to weight distribution or specific motion patterns, 

warranting further investigation under diverse locomotor conditions. 

Right and Left Sides: The overall mean Hurst exponent for the right foot (1.118) and left foot (1.115) 

indicates general symmetry in the dynamic complexity of lower limb movements. This finding aligns with 

previous studies investigating gait symmetry in healthy individuals. One study demonstrated that step-to-

step variability in walking is typically symmetric in healthy individuals but diminishes in Parkinson's 

disease [23]. Additionally, a study employing nonlinear analyses to examine gait dynamics confirmed that 

walking complexity in healthy individuals reflects high coordination within neural and muscular systems 

[24]. The symmetry observed in our findings suggests that, under normal conditions, both feet operate in a 

coordinated manner, consistent with the brain's symmetric control role in bilateral movements. 

Comparison of Brain Activity and Foot Movements: A key finding of this study is the higher complexity 

of foot movements (mean H(q) ≈ 1.115–1.118) compared to brain activity (mean H(q) ≈ 0.648–0.649). This 

disparity may stem from the distinct natures of motor and neural signals. Foot movements are influenced 

by multiple factors, including balance, weight distribution, and neuromuscular coordination, which 

contribute to greater complexity. In contrast, brain activity, particularly in motor regions, primarily serves 

a regulatory function and may exhibit greater stability. A study examining the relationship between foot 

muscle activation and EEG during walking revealed that EEG and EMG signals in Parkinson's disease 

display nonlinear and scale-invariant behaviors [25], corroborating the elevated complexity of motor 

signals. Furthermore, an investigation of gait-related potentials indicated that EEG can reflect motor 
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patterns, though its complexity may be lower than that of motor signals [26]. Moreover, studies utilizing 

the Hurst exponent for EEG analysis in motor tasks have shown that EEG signals during motor imagery 

tasks exhibit moderate complexity [27,28], aligning with our results. Another study posited that integrating 

EEG with other methods can enhance understanding of brain-movement interactions [29]. 

Stability of Movements Across Axes: Kinematic data demonstrated that movement stability in the anterior-

posterior axis (X) was substantially higher than in the lateral (Y) and vertical (Z) axes [30]. This observation 

is consistent with previous studies, which suggest that forward locomotion demands a superior level of 

control and stability to sustain propulsion and equilibrium. The reduced stability in the vertical axis may 

relate to ongoing adjustments to counter gravitational forces and maintain center-of-mass height [31]. 

Additionally, the progressive increase in Y-axis stability from proximal to distal segments may underscore 

the foot's role in upholding lateral balance [32]. 

The findings of this study align with the existing literature on the complexity analysis of EEG and motion 

signals, demonstrating symmetry in cerebral and locomotor activity among healthy individuals. The 

observed symmetry in the C3 and C4 regions, as well as in lower limb movements, is consistent with prior 

studies examining neuromuscular coordination in healthy populations [18,21]. The disparity in complexity 

between motor and neural signals may relate to their distinct roles in motor control and execution. Motor 

signals exhibit greater complexity due to involvement of mechanical and environmental factors, whereas 

neural signals display higher stability. These results hold potential applications in designing brain-computer 

interfaces (BCI) or rehabilitation programs for patients with motor disorders, such as Parkinson's disease 

[33]. For instance, multifractal analysis could facilitate early detection of neurodegenerative diseases or the 

development of intelligent prostheses that synchronize with natural gait patterns [34]. 

This study is subject to several limitations. The small sample size (13 participants, exclusively young males) 

may constrain the generalizability of the findings, particularly considering gender and age-related 

differences in gait [35]. Additionally, the experiments were conducted on a treadmill at controlled speeds, 

which may not fully capture the variability of overground walking in real-world environments. EEG 

analysis was confined to the C3 and C4 regions, and incorporating other areas, such as the premotor cortex 

or cerebellum, could provide a more comprehensive perspective. Moreover, noise and volume conduction 

effects may have influenced Hurst exponent estimates [20]. 

Future research could enhance generalizability by expanding the sample size to include females and diverse 

age groups, while investigating varied walking conditions (e.g., natural terrain or variable speeds). 

Analyzing additional brain regions and integrating multifractal methods with spectral analyses could yield 

deeper insights into the neural mechanisms of gait control. Furthermore, examining these patterns in 

patients with neurological disorders, such as Parkinson's disease or stroke, could bolster the clinical 

applicability of this approach. 

Conclusion 

This study, through multifractal analysis, unveiled the intricate interactions between cerebral activity and 

locomotor dynamics during walking. The symmetry in C3 and C4 activity, lower limb movements, and the 

elevated complexity of foot motions relative to neural signals affirm neuromuscular coordination in healthy 

individuals. These findings pave the way for clinical applications in diagnosis and rehabilitation, as well as 

future investigations into motor control. 
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ر د یکینماتیک کینامیو د EEG یهاگنالیس یچندفرکتال یدگیچیپ لیتحل

 راه رفتن

 

  3 منتخب نیافش،  2* انیمهرداد عنبر،  1 ایبساط نروح الله 

 .رانیهمدان، ا نا،یس یدانشگاه بوعل ،یدانشکده علوم ورزش ،یورزش کیومکانیگروه ب ،یدکتر یدانشجو .1

 .رانیهمدان، ا نا،یس یدانشگاه بوعل ،یدانشکده علوم ورزش ،یورزش کیومکانیگروه ب ،یورزش کیومکانیاستاد ب  -2

 . یرانا ،شیراز ،شیرازدانشگاه  ،فیزیک دانشکده ،فیزیکگروه  -3

 m.anbarrian@basu.ac.ir /انیمهرداد عنبر :ئولنویسنده مس

 

 چکیده

دگی عضلانی است. این مطالعه با هدف تحلیل پیچی-راه رفتن، به عنوان یک فعالیت حرکتی پیچیده، نیازمند هماهنگی دقیق در سیستم عصبی :زمینه

های کینماتیکی در فرآیند راه رفتن انجام شد تا تعاملات مغز و اندام تحتانی حین راه رفتن و داده (EEG) های الکتروانسفالوگرافیچندمقیاسی سیگنال
 .بررسی شود

های کینماتیکی ثبت شدند. تحلیل و داده EEG هایشده راه رفتند، که طی آن سیگنالسیزده آزمودنی مذکر روی تردمیل در شرایط کنترل :هاروش

ها اعمال شد تا نمای هرست به عنوان شاخص بر روی داده (MF-DFA) تفاده از روش تحلیل نوسانات دترندشده چندفرکتالیپیچیدگی چندفرکتالی با اس
حین راه  (C4 و C3) و فعالیت قشری در نواحی حرکتی مغز (X ،Y ،Z) جایی در سه محورهای دینامیکی حرکات در ابعاد جابهپیچیدگی برای ویژگی

 .رفتن استخراج گردد

داری با همان پارامتر در دینامیک مشابه است و همبستگی مثبت معنی C4 و C3 در نواحی H(q) یافتهنتایج نشان داد که نمای هرست تعمیم :تایجن

ین سمت بکند. تحلیل سگمنتال ران، ساق و پا تقارن دینامیکی قابل توجهی ای حمایت میدهد، که از اصل کنترل متقابل نیمکرهاندام مقابل نشان می
ترین در ران. هماهنگی در ساق و پایین H(q) داری را نشان داد، با بالاترینها تفاوت معنیراست و چپ را آشکار ساخت. الگوهای چندفرکتالی سگمنت

 .دهنده سازماندهی یکپارچه در کنترل حرکتی استها نشانسیستمی قوی بین سگمنتدرون

ی مفید هستند های توانبخشکنند، برای ارزیابی اختلالات حرکتی و طراحی پروتکلعضلانی را تأیید می-اهنگی عصبیها تقارن و هماین یافته :گیرینتیجه

 .بدن تأکید دارند، با کاربردهای بالقوه در تحقیقات علوم اعصاب، بیومکانیک و توانبخشی-سازی تعاملات پیچیده مغزو بر اهمیت تحلیل چندمقیاسی در روشن

 هرست ینما ،یچندفرکتال لیتحل ،یکینماتیک یها، دادهEEG یهاگنالیراه رفتن، س :های کلیدیواژه
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