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ABSTRACT:  

Corticomuscular coherence (CMC), which represents the link between the electroencephalogram 

(EEG) and the electromyogram (EMG), is frequently used to investigate the functional 

relationship between the human brain and muscles. The wavelet coherence function will be used 

in this study to evaluate EEG-EMG coherence. Datasets comprising simultaneous EEG-EMG 

signals from ten subjects walking on flat surfaces, stairs, and ramps that are publicly accessible 

are used. EEG signals from the motor cortex region (C1, C2, and CZ) and EMG signals from the 

tibialis anterior (TA) are subjected to the wavelet coherence function. The paper looks at how the 

theta (0.5–4 Hz), delta (4–8 Hz), alpha (8–12 Hz), beta (14–30 Hz), and gamma (30–50 Hz) 

frequency bands interact with the EEG and EMG signals. The results reveal a notable coherence 

across a variety of activities between the electrical activity of the brain and that of the muscular 

system. Various activities also show various frequency-band interactions. The Kruskal-Wallis 

non-parametric one-way ANOVA test is used to assess the statistical significance of the results, 

which reveals that during level walking activities the theta and alpha frequency bands and 

coherence values in the C2-TA and CZ-TA groups are significantly higher than those in the 

control group (p < 0.05) Still, none of the three channels show notable numbers in the other 

frequency range. Still, none of the three channels show significant data in the other frequency 

range. Especially in the alpha frequency range (8–12 Hz), the results showed that C1-TA had an 

MSC level of 3.12 for the highest coherence levels. Natural techniques are used in this work to 

cover all typical frequency bands. Results for different walking patterns across separate EEG 

channels show that the theta and alpha frequency bands have considerably stronger coherence 

than the others. This is pertinent to clinical methods of CMC analysis and provides fascinating 

content for further CMC research. 

 

1. INTRODUCTION 

An essential question in the neurological study is 

how the human brain recognizes, processes, and acts on 

the massive quantity of information that flows through 

it seemingly effortlessly. Although the physiological 

structure of the brain is fairly well-defined, the 

fundamental system that allows its numerous parts to 

work in combination has not yet been discovered. 

However, understanding the brain and establishing 

correlations between different muscles is an extremely 

complicated challenge since it contains billions of 

neurons interconnected by trillions of connections. 

Efforts in this area have focused on various levels of the 

human brain, varying from the level of molecules, 

which involves recognizing physiological relationships 

between neurons and muscle information, to the system 

level, which models information flows between groups 

of neurons and psychological activities. 
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Corticomuscular coherence (CMC) [1] is a well-liked 

and potent tool for probing the mechanism of muscular 

activity modulation by cerebral cortex. It describes how 

the brain and muscles work together to maintain 

continuous muscular contractions. The interaction 

between primary motor cortex and muscle in the 

corticospinal pathways is the source of CMC. 

In a normal situation, activities that take place in the 

cortex will spread out to the periphery, and the motor 

cortex will also receive information from the peripheral 
[2, 5]. The several technics have been explored for EEG-

EMG coupling analysis includes cortical–muscular 

functional coupling [6, 7], granger causality analysis [8, 9], 

transfer entropy (TE) analysis [10, 11], symbolic transfer 

entropy (STE) analysis [12], magnitude squared 

coherence (MSC) [13] and wavelet coherence (WT) [14]. 

Among these, wavelet coherence and symbolic transfer 

entropy methods are often used for better coherence 

analysis in various aspects. The primary benefit of 

wavelet coherence method is that frequency bands are 

segmented automatically, without the need to specify 

frequency levels.  

The corticomuscular coherence (CMC) between lower 

limb muscles and the motor cortex is important to 

explain the neural mechanisms that support voluntary 

motor control. Arun Ganesh et al. probed this inter-

relationship based on Symbolic Transfer Entropy (STE) 

for examining information flow directionally from the 

motor cortex to Tibialis Anterior muscle. Their findings 

indicated a significant directional interaction, 

emphasizing the close coordination of cortical and 

muscle activity necessary for precise motor execution 

and useful in neurorehabilitation environments [2].This 

group performed another analysis of CMC in the 

communication between broader cortical and lower 

limbs muscles through the use of EEG and EMG 

recordings. It showed high coherence, especially of the 

beta band frequency (13–30 Hz), which was linked to 

the planning and production of motor events. This 

article reiterates the importance of corticomuscular 

synchronization with voluntary movement and lays a 

background for the future formulation of specifically 

aimed therapeutic remedies for motor dysfunctions [3]. 

The wavelet transform allows for the measurement 

of frequency domain features at a variety of resolutions. 

To capture the temporal and frequency-specific 

characteristics of non-stationary signals, analytical 

methods in the time-frequency domain, such as wavelet 

coherence [15, 16], prove effective in addressing the 

challenges mentioned above. Wavelet coherence is a 

recently developed technique to examine such 

coherence in a very straightforward yet accurate 

approach. Essentially, two time series are compared 

after being converted to wavelets. The ability to filter 

out signals into wavelets through a window and just use 

the necessary portion of the signal as an input is one 

benefit of wavelet transformation. 

In this study, efforts were directed towards gauging 

EEG-EMG coherence through wavelet coherence 

analysis. The study examined wavelet coherence 

between lower limb muscle EMG data and EEG signals 

from the main motor brain. All default frequency bands 

are covered in this work. Especially in channels C2 and 

CZ, the findings showed notable values mostly in the 

alpha frequency areas. These results are important for 

therapeutic strategies for neuromuscular diseases and 

offer useful guidance for CMC future research as well. 

The paper is structured as follows: The second part 

explains the wavelet coherence and dataset technique. 

Results are summarized in Section 3 along with a short 

explanation of our method. At last, Section 4 wraps up 

and suggests next steps for this study. 

2. MATERIALS AND METHODS 

2.1 Dataset 

The study's findings show utilized a publicly 

accessible comprehensive mobile brain-body imaging 

database [17]. Ten participants, comprising five males 

and five females aged between 18 and 31 years, 

engaged in diverse walking activities, including stair 

and ramp walking. EEG signals were recorded using a 

64 channel 10-20 electrode system with 1000 Hz of 

sampling frequency. Surface EMG signals were 

captured with active bipolar electrodes at 1000 Hz, 

focusing on six lower limb muscles. The study 

specifically examined EEG contacts related to the 

primary motor cortex area, specifically CZ, C1, and C2, 

along with EMG signals from the tibialis anterior (TA) 

muscle.  Analysis encompassed the interaction of 

conventional EEG frequency bands; delta (0.2 - 4 Hz), 

theta (4 - 8 Hz), alpha (8 - 12 Hz), beta (12 - 30 Hz), 

and gamma (30 - 50 Hz) and the spectral components 

of both EEG and EMG signals. Custom programs were 
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developed in the MATLAB version 2017b environment 

for this purpose. 

2.2 Wavelet Coherence 

To capture the non-linear characteristics of enhanced 

EEG-EMG coherence, the analysis employs wavelet 

coherence. This method leverages the features of 

wavelet transform, increasing the signal for analysis in 

the temporal and frequency domain, which is absolutely 

vital for non-stationary signals. In this context, wavelet 

the processed EEG signal is decomposed by wavelet 

analysis into sub-signals in several frequency bands. 

Using frequency bands that govern muscular activity, 

wavelet coherence analysis in the time-frequency 

domain on the EMG data follows this. 

We suggest that x(t) and y(t) are time series 

respectively for EMG and EEG signals. The 

convolution of the generalized wavelet function Ω(t) 

with x(t) produces the wavelet factors for the signal 

x(t), indicated as W(m, n). 

       𝑊𝑥(m, n) = (x, 𝛺𝑚,𝑛)

=
1

√𝑚
∫ 𝑥(𝑡)

∞

−∞

𝛺

∗ (
𝑡 − 𝑛

𝑚
) 𝑑𝑡                                      (1) 

Here, 'm' is the wavelet scale, inversely connected 

to frequency; 'n' is smoothing; 't' is the local time origin 

in wavelet analysis; '*' denotes conjugation; Ω ((t-n)/m) 

is the wavelet basis function. For this specific study, the 

Morlet wavelet is employed. 

We found the cross-wavelet transformation of x(t) and 

y(t) as |𝑊𝑦𝑥(𝑚, 𝑛)| is 

|𝑊𝑦𝑥(m, n)|

= |𝑊𝑦(𝑚, 𝑛)𝑊𝑥 

∗ (𝑚, 𝑛)|                                                               (2) 

In order to acquire comprehensive synchronization 

details for both signals, it is essential to smooth the 

wavelet spectrum before computing the wavelet 

coherence. Following the wavelet transformation, 

Refining the signal depends much on the smoothing 

function. The design of the smoothing function is 

𝑆(W)

= 𝑆𝑚 [𝑆𝑡(𝑊)]                                                                     (3) 

Here, Sm represents m smoothing process along the 

measure axis, 

𝑆𝑚(W(m, n))

= W(m, n)

∗ 𝐹1∏(0.6𝑚)                                                             (4) 

St signifies a smoothing process along the time axis, 

𝑆𝑡(W(m, n))

= W(m, n)

∗ 𝐹2

−
𝑡2

2𝑚2
                                                                        (5) 

In this context, F1 and F2 represent normalization 

coefficients, with a possible setting of 0.9; '*' denotes 

the convolution control. Consequently, the coefficients 

for wavelet coherence between the following expresses 

(t) and x(t), 

𝑊𝑐𝑜𝑦𝑥(m, n)

=
|𝑆 (𝑊𝑦𝑥  (𝑚, 𝑛))|

√𝑆(|𝑊𝑌(𝑚, 𝑛)|2)𝑆(|𝑊𝑋(𝑚, 𝑛)|2)
                           (6) 

The range of the wavelet coherence factor is 0 to 1. 

Strong coherence is indicated by a number near to 1, 

whereas poor coherence is indicated by a value closer 

to 0. 

3. RESULTS AND DISCUSSION 

The representation EEG signals of subject 1 

shown in Figure 1 in the amplitude range from 0 to 

2 μV and the amplitude range of EMG signals between 

0 to 2 mV with maximum walking duration of 20 sec 

based on walking activities. 
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(a) (b) 

Figure 1: Representative EEG (C1, C2 and CZ) and EMG (TA) signals: (a) level walking (b) walking on stair 

The Figure 2 shows the wavelet coherence between 

an EEG and EMG signal of a subject of three channels 

(C1, C2 and CZ) with TA muscle during the level 

walking activities. The x axis denotes the time period 

which is generated based on the sampling frequency 

(1000 Hz) and the y axis denotes the periodic frequency 

along the time series. 

 

A B C 

  

Fig. 2 Wavelet coherence of level ground walking task; (A) C1 and TA (B) C2 and TA (C) CZ and TA 

The dotted is known as the Cone of Influence 

(COI) which represents the area in which there is actual 

coherence, the coherence shown outside the cone of 

influence are noise and artifacts. The color bar from 

blue to yellow represents amplitude of magnitude 

squared coherence from the scale of 0 to 1. The arrows, 

referred to as phase arrows, signify the phase shift in 

the coherence between the EMG and EEG signal. The 

yellow shaded regions in Figure 2 depict robust 

simulations of EEG-EMG coherence. It is evident that 

the frequency band and duration of substantial 

coherence vary across these figures, corresponding to 

different EMG response times. According to the 

results, Figures 2A demonstrate the highest coherence 

levels, particularly in the alpha frequency band, 

registering a coherence level of 3.12 for C1-TA. 

Furthermore, Figures 2A and 2B, corresponding to 

level walking and walking on stair activities, reveal 

some coherence in the beta band with coherence values 

of 2.66 and 2.78, respectively. 
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A B C 

 

Figure 3.Statically analysis of wavelet coherence: (A) level walking (B) walking on ramp(C) walking on stair. 

Statistical significance was evaluated using the 

Kruskal-Wallis non-parametric one-way ANOVA test 

comparing different frequency bands across 

independent observations related to major activities, 

namely level walking, waling on ramp, and walking on 

stair. The outcomes of wavelet coherence analysis for 

channels C1 and C2, focusing on the delta and alpha 

frequency bands as illustrated in Figure 3A, exhibited 

noteworthy distinctions. Particularly in the alpha 

frequency band, during level walking exercises, 

coherence values in the C2-TA and Cz-TA groups were 

significantly higher than those in the control group (p < 

0.05).  Still, over all three channels in the other 

frequency bands, no statistically significant values were 

observed. Figure 3C outlines the wavelet coherence 

during walking on ramp activities across various 

frequency bands, with the highest coherence again 

observed in the delta and alpha frequency bands. 

However, no significant values were found in any 

frequency bands during these activities. Notably, in the 

β frequency band, coherence values during ramp 

walking activities were generally lower than those in 

walking and stair walking activities across most 

channels. In channels C1 and C2, the alpha frequency 

band during ramp walking showed a significant 

decrease compared to other activities. Significant 

differences were also observed in the stair walking 

activities across all channels, specifically in the alpha 

frequency band (p < 0.05), as depicted in Figure 3C. In 

the gamma frequency band, coherence values 

decreased in all three channels, with no significant 

differences noted during these activities. Ultimately, 

the findings indicate that significant values were 

predominantly confined to the alpha frequency bands, 

especially in the C2 and Cz channels. This is pertinent 

for clinical methods to Corticomuscular Coherence 

(CMC) study and provides insightful analysis for 

coming CMC studies. 

4. CONCLUSIONS 

This study introduces a wavelet coherence based 

CMC analysis, building upon the magnitude squared 

coherence (MSC) approach. This study uses natural 

techniques to include all typical frequency bands.  

Results are shown for different walking activities 

across separate EEG channels, hence stressing 

especially greater coherence in the alpha and theta 

frequency bands relative to others. Noteworthy 

variances were detected during stair walking activities 

across all channels, particularly in the alpha frequency 

band (p < 0.05). This work offers extensive findings 

that advance the diagnosis of neuromuscular disorders 

and play a role in brain-computer interfaces (BCI) for 

rehabilitation purposes. Moreover, these 

corticomuscular coherence (CMC) findings lay the 

groundwork for potential future applications in 

wearable sensor technology. The future research should 

incorporate bilateral analysis for a more comprehensive 

approach. Furthermore, expanding the number of 

muscles considered can significantly enhance the 

overall performance of CMC applications. 
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