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Abstract: Accurate analysis of multichannel brain signals such as EEG is crucial in neuroscience, 

yet it remains challenging due to their nonstationary and noise-prone nature. Multivariate Mode 

Decomposition (MMD) offers a mathematically grounded approach for signal decomposition but 

relies on fixed, manually tuned parameters—specifically, the number of modes ( ) and the penalty 

factor (α). Improper selection of these parameters can lead to mode mixing, information loss, and 

reduced interpretability, limiting its effectiveness in cognitive and clinical neuroscience. To address 

these limitations, we propose a Self-Adaptive Multivariate Mode Decomposition (SAMMD) 

algorithm that dynamically adjusts  and α during decomposition. Inspired by the matching pursuit 

strategy and based on frequency-domain orthogonality, SAMMD adaptively extracts oscillatory 

components sequentially, aligning effectively with the time–frequency complexity of neural signals. 

Experimental results on both synthetic and real-world datasets, including EEG alpha rhythm 

extraction and plant-wide control system oscillation detection, demonstrate that SAMMD achieves 

superior mode alignment, improved noise robustness, and strong resilience to parameter sensitivity. 

Compared with MMD, MEMD, and Fast MEMD, SAMMD yields the lowest decomposition error 

and the most consistent spectral separation. The findings highlight SAMMD’s potential as a powerful 

tool for precise and adaptive brain signal decomposition, thereby advancing neuroscientific insights 

into neural oscillations and brain dynamics.   

 

Keywords: Multivariate Mode Decomposition; Brain Signal Analysis; EEG Signal Processing; 

Neuroscience; Signal Decomposition; Cognitive Neuroscience.   

 

I. Introduction 

The human brain generates complex, nonstationary signals that capture dynamic neural processes 

across multiple temporal and spatial scales. Electroencephalography (EEG), 

magnetoencephalography (MEG) [1], and other neurophysiological modalities are extensively 

employed in neuroscience to investigate cognitive functions, neural oscillations, and pathological 

brain activity. However, these signals are often affected by noise and consist of overlapping frequency 

components, thereby making accurate signal decomposition essential for extracting meaningful and 

reliable neural information. Traditional decomposition methods often struggle with mode mixing and 

parameter sensitivity [2], limiting their effectiveness in identifying distinct brain rhythms such as 

alpha, beta, or gamma waves. Therefore, there is a critical need for adaptive signal processing 

techniques that can robustly separate neural components in a data-driven manner. This study 

addresses this need by proposing a self-adaptive multivariate decomposition framework tailored for 

brain signal analysis, enhancing the interpretability and reliability of neural oscillatory patterns in 

cognitive and clinical neuroscience [3-4].  

 

Signal decomposition method is directly applied to each channel of a multivariate signal one by one; 

it not only ignores the inter-channel correlation information but also fails to ensure mode alignment 

[5]. The development of multivariate signal decomposition techniques originated with the Complex 
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Empirical Mode Decomposition (CEMD). As reported in [6], CEMD was initially proposed to 

analyze complex-valued signals; however, its applicability was limited due to its inability to process 

real multichannel data. Subsequently, the author in [7] introduced the Bivariate Empirical Mode 

Decomposition (BEMD), which explicitly defined extrema, mean, and envelopes of bivariate signals 

in a three-dimensional space. Building upon this framework, Rehman and Mandic [8,9] extended 

BEMD to formulate the Trivariate EMD (TEMD) and the more generalized Multivariate EMD 

(MEMD). 

 

Since its introduction, the Multivariate Empirical Mode Decomposition (MEMD) algorithm has 

attracted considerable attention and has been extensively applied across various domains, including 

biomedicine [10], process control [11], and geophysics [12]. However, the computational 

complexity of MEMD increases substantially with the number of signal channels. To mitigate this 

limitation, the author in [13] introduced the Fast MEMD (FMEMD) algorithm. By establishing the 

interchangeability between multivariate signal projection and decomposition, the approach 

transforms the multivariate spline interpolation problem inherent in MEMD into a univariate one, 

thereby significantly improving computational efficiency. Despite the advantages inherited from 

EMD, these multivariate decomposition techniques still exhibit certain drawbacks, such as sensitivity 

to sampling frequency, limited noise robustness, and the absence of rigorous mathematical 

foundations [14–16]. 

 

Compared with Multivariate Empirical Mode Decomposition (MEMD), the Multivariate Mode 

Decomposition (MMD) demonstrates superior noise robustness and stronger resistance to mode 

mixing. Due to these advantageous characteristics, MMD has been effectively applied in several 

domains, including EEG signal detection [17], wind turbine fault diagnosis [18], and signal 

denoising [19]. However, as a completely non-recursive decomposition model, the performance of 

MMD is highly dependent on two preset parameters: the number of modes (ρ) and the penalty factor 

(α). An inappropriate selection of ρ may lead to mode loss or mode mixing, while the choice of α 

significantly affects the quality of decomposition. Moreover, MMD provides no explicit guideline for 

determining the optimal value of α, thereby limiting its adaptability and generalization in practical 

scenarios. To overcome these limitations and enhance the practical applicability of the MMD 

algorithm, this study proposes a Self-Adaptive Multivariate Mode Decomposition (SAMMD) 

approach. 

 

This study introduces a novel self-adaptive signal decomposition framework, SAMMD, specifically 

designed to improve the analysis of multichannel brain signals in neuroscience. The key contributions 

of this work are summarized as follows: 

 

1. Development of a Self-Adaptive MMD Framework: A recursive decomposition strategy is 

proposed, inspired by matching pursuit, that adaptively determines the number of modes (ρ) and 

dynamically updates the penalty factor (α) during the optimization process, eliminating the need for 

manual parameter tuning.  

 

2. Bandwidth Adaptation via Mode Orthogonality: A novel penalty factor update rule based on  

 frequency-domain orthogonality ensures that the bandwidth of each mode narrows progressively, 

improving noise suppression and preserving signal integrity particularly beneficial for capturing 

neural oscillations.  

 

3. Improved Mode Alignment and Noise Robustness: SAMMD demonstrates superior 

performance in separating overlapping frequency components in multichannel EEG signals, 
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achieving better mode alignment and resilience to noise compared to MMD, MEMD, and Fast 

MEMD.  

The structure of this paper is as follows: Section 2 provides a detailed introduction to the objective 

function and algorithmic flow of SAMMD; Section 3 studies the characteristics of SAMMD, 

including filter bank structure, robustness to noise, and variations in the α value, and verifies the 

effectiveness and superiority of the algorithm through a simulation case; Section 4 further 

demonstrates the practicality of the algorithm with two real-world case studies; Section 5 summarizes 

the full text and offers prospects for future work.  

 

 

 II. Self-Adaptive MMD Decomposition  

MMD inherits many ideal properties of standard VMD, such as having a good mathematical 

framework and avoiding endpoint effects in the process of solving multivariate modulated oscillations 

through the mirror extension method. However, MMD still has the following shortcomings: (1) It is 

necessary to specify the number of modes  in advance. In practical applications, the inherent number 

of modes in complex signals is difficult to predict. If  is set improperly, it may cause problems such 

as over-decomposition or under-decomposition. (2) The penalty factor α is fixed. From the mode 

update formula of MMD, it can be seen that the size of α determines the bandwidth of the mode. In 

the early stage of optimization, a relatively wide filter bandwidth is needed to capture the correct 

centre mode, while in the later stage of optimization, the obtained mode is already near the expected 

value, and at this time, a narrower bandwidth is needed to filter out noise and other interference factors 

[20,21]. Therefore, updating the value of α during the optimization process is more reasonable.  

 

 

 
Figure 1: Framework for Self-Adaptive MMD Decomposition 

 

To solve the above parameter tuning problem, inspired by recent related work [20,21], this paper 

proposes the SAMMD algorithm. This algorithm improves the original MMD objective function and 

changes the joint optimization framework into a recursive framework. Specifically, SAMMD extracts 
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multivariate modulated oscillations one by one, rather than extracting them simultaneously. The 

number of modes 𝜌 is determined by the energy proportion of the residual signal and does not need 

to be specified in advance. In addition, the SAMMD algorithm proposes a bandwidth updating rule 

based on mode orthogonality, so that the bandwidth of the mode continuously adjusts during the 

optimization process. This section will introduce the proposed SAMMD algorithm in detail from two 

aspects: objective function and specific steps.  

 

2.1 Objective Function  

 MMD minimizes the sum of the bandwidths of all channels and all modes, while SAMMD minimizes 

the sum of the bandwidths of the modes at each layer/each scale to construct a variational 

optimization problem.  

 
 

 Where the subscripts ρ and c are used for mode and channel counting, 𝑥𝑐 (𝑡) is the signal 

corresponding to each channel, and α is the penalty factor. SAMMD adopts the idea of the Wiener 

filter; the first term in Equation (1) adds a smoothness constraint to the mode 𝑣𝜌,𝑐 (𝑡),representing the 

sum of the bandwidths of the modes of all channels at each layer, and the second term represents the 

sum of the residual signals in each channel. According to the Alternating Direction Method of 

Multipliers, the above complex optimization problem can be transformed into two sub-optimization 

problems, that is, alternately updating the mode and the center frequency. At the same time, according 

to the orthogonality between the mode and the residual signal in the frequency domain, an update 

formula for the penalty coefficient α can be derived. The derivation process of updating 𝑣𝜌,𝑐 (𝑡), 𝛽𝜌 

and α is as follows.  

 

2.1.1  Update of mode 𝐯𝒌,𝒄 (𝒕)  

 
 After transforming to the frequency domain:  

 
 

Removing the L2 norm in Equation (3), then taking the partial derivative of the right-hand side with 

respect to uₖ,c(ω) and rearranging yields:  

 

                                                (4)  

 2.1.2 Update of center frequency ωₖ  

  In Equation (1), only the first term is related to ωₖ, so only the first term needs to be focused on 

during the optimization process.  
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                (5)  

     

 First transform the above equation into the frequency domain, and then remove the L2 norm to obtain:  

  

                    (6)  

  

 Take the partial derivative of the right-hand side of Equation (6) with respect to ωₖ, and set the 

derivative to 0.  

 

After rearrangement, the result is obtained.  

                                                (7) 

  

2.1.3 Update of Penalty Coefficient α 

After two signals that are orthogonal in the time domain are each transformed into the frequency 

domain, they remain orthogonal, so it can be known that 𝑣𝜌∗,𝑐 (𝛽)𝑟𝜌,𝑐 (𝛽) = 0. At the same time, 

combining 𝑥𝑐 (𝛽) = 𝑣𝜌,𝑐 (𝛽) + 𝑟𝜌,𝑐 (𝛽) yields:  

   

  

                                                              (8)  

  

 Substituting the update formula of 𝑣𝜌,𝑐 (𝛽), i.e., Equation (4), into Equation (8) and rearranging gives:  

   

                                        (9) 

  

Since ,    equation (9) can be expressed as:  

 

                     (10)  

  

Substituting equation (4) into equation (10), we get  

 

                                                     (11) 

 

As the mode 𝑣𝜌,𝑐 (𝛽) is continuously updated, the value of the denominator in Equation (11) will 

gradually decrease, causing the value of α to gradually increase. Consequently, the bandwidth of the 
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mode continuously decreases during the update process, meeting the previously mentioned 

requirement for bandwidth updating.  

 

2.2 SAMMD Algorithm  

The SAMMD algorithm contains two layers of loops. The outer loop controls the number of modes 

ρ based on the energy proportion of the residual signal. The termination parameter δ of the outer loop 

can be adjusted according to the actual noise level. The inner loop is similar to MMD and mainly 

updates the mode, centre frequency, and α value. The detailed SAMMD algorithm is shown in 

Algorithm 1.  

 

 
 

III.  Experimental Detail and Result Analysis  

 To evaluate the effectiveness of the proposed Self-Adaptive Multivariate Variation Mode 

Decomposition (SAMMD) algorithm, a comprehensive set of experiments was conducted on both 

simulated signals and real-world datasets. In the simulation study, classical multivariate signals were 

generated, consisting of two cosine components with additive Gaussian white noise. These signals 

are commonly used to benchmark decomposition algorithms due to their known frequency content 

and controllable noise levels. The signals were sampled at 1000 Hz with a length of 1000 samples, 

and the noise standard deviation was varied from 0 to 0.5 in steps of 0.1. The initial penalty factor α 
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was set to 1000, and for comparison purposes, the number of modes 𝜌 in MMD was fixed at 2. The 

accuracy and robustness of SAMMD were evaluated by measuring the deviation of the estimated 

center frequencies and using the Sum of Absolute Differences (SAD) between the decomposed and 

ground truth modes. Additionally, the power spectral density (PSD) across 100 repeated trials was 

analyzed to evaluate filter bank consistency.     

   

 To further demonstrate the practical value of SAMMD, two real-world case studies were conducted. 

The first involved electroencephalogram (EEG) signal analysis using a 4-channel dataset recorded 

during an eyes-closed resting state. SAMMD successfully extracted the expected alpha rhythm (8–

12 Hz) and correctly identified power-line interference at 50 Hz, whereas MMD showed a frequency 

shift, misrepresenting the actual artifact. The second case study focused on plant-wide oscillation 

detection in a mineral processing flotation circuit. Data from nine measurement units were analyzed 

using SAMMD, and oscillatory components were identified using the normalized correlation 

coefficient and the Sparsity Index (SI), with modes exhibiting SI values above 0.58 17  

considered oscillatory. The results confirmed SAMMD’s ability to accurately localize oscillatory 

behavior across channels, consistent with prior domain knowledge.  

   

 All experiments were implemented in Python (and MATLAB where necessary) and run on a 

workstation with a multi-core CPU. The results clearly show that SAMMD provides superior 

decomposition performance compared classical methods like MMD, MEMD, and Fast MEMD, 

particularly in terms of mode alignment, robustness to noise, and adaptability to parameter 

variations.  

   

3.1 Filter Bank Structure  

The filter bank structure is an important characteristic of signal decomposition methods. Many 

multivariate signal decomposition algorithms analyse the characteristics of their filter banks. Studies 

have been conducted on this, such as MEMD and MMD [5,22]. By analogy with MEMD and MMD, 

this section analyses this characteristic of the SAMMD algorithm and compares it with the results of 

MMD.  

  

 A four-channel Gaussian white noise process with a data length of N = 1024 (following a normal 

distribution with mean 0 and standard deviation σ) is decomposed using SAMMD. To eliminate 

random factors, the experiment is repeated 100 times, and MMD is also applied to the same dataset. 

For ease of comparison, the number of modes ρ for both MMD and SAMMD is uniformly set to 8. 

The average Power Spectral Density (PSD) of both under 100 experiments is shown in Figure 2. 
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Figure 2: Filter Bank Characteristics 

 

 It can be seen that the essence of both algorithms is a set of Wiener filters. Comparing the filter bank 

characteristics of the two, MMD exhibits obvious overlap between adjacent filters, whereas SAMMD 

has almost no overlap. According to literature [23], the larger the overlap area between modal spectra, 

the higher the probability of mode mixing. Therefore, SAMMD has better anti-mode-mixing 

capability.  

 

 3.2 Robustness to Noise and α Value Variation  

To investigate the robustness of the SAMMD algorithm with respect to noise and changes in the α 

value, this section tests SAMMD using a set of classical multivariate signals, as shown in Equation 

(12). This signal is often used for simulation experiment analysis [1,5,20]. The signal is composed of 

complex multicomponent, making it well-suited for testing the algorithm’s mode alignment and noise 

robustness.  

 

 
  

Where t varies from 0 to 1, the sampling frequency is 1000 Hz, and the signal length is N = 1000. 

𝑧(𝑡)is Gaussian white noise, following a normal distribution 𝑧(𝑡) ∼ 𝒩(0, 𝜎 2 ). For a fair comparison, 

the initial value of α for both MMD and SAMMD is set to 1000 (which is the default value in 

reference [5]), and the number of modes for MMD is set to ρ = 2. Let the standard deviation σ of the 

Gaussian white noise vary from 0 to 0.5 in intervals of 0.1. The robustness of both algorithms to noise 

is judged by observing the convergence of the frequencies of the two cosine components. The results 

are averaged over 100 experiments, as shown in Figure 3(a) and Figure 3(b). It can be seen that as 

the noise level gradually increases; the final converged centre frequency obtained by SAMMD is 

closer to its true value. In contrast, the centre frequency of the first mode obtained by MMD when 

decomposing signal 𝑿1 (𝑡) deviates from the correct value.  

 

Next, the robustness of MMD and SAMMD to changes in the value is discussed. Without loss of 

generality, the standard deviation of the noise in signal 𝑋1 (𝑡) is fixed at 0.1, while α is varied from 1 
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to 10,000 with an interval of 1. The effect of different α values on the decomposition results of MMD 

and SAMMD is shown in Figure 3(c) and Figure 3(d). It can be seen that the centre frequency finally 

converged by SAMMD almost coincides with the correct centre frequency. This is because the α in 

the SAMMD algorithm has Self-Adaptive capability and gradually adjusts to a suitable value during 

the update process, thereby ensuring the accuracy of the decomposition. In contrast, MMD 's 

convergence curve does not reach the expected result and is more sensitive to the value of the 

parameter α.  

 

 
Figure 3: Noise Robustness and α Value Robustness of 𝑋1 (𝑡) Decomposition 
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3.3 Comparative Study with Typical Algorithms  

To further verify the decomposition effectiveness of the SAMMD algorithm, it is compared with 

classical multivariate signal decomposition methods such as MMD, MEMD, and FMEMD. The 

parameters involved in the above algorithms all use default values [5,9,13]. The above four algorithms 

are used to decompose the signal 𝑋1 (𝑡) (where the standard deviation of noise is set to 0.1). Here, to 

perform a quantitative comparison, the Sum of the Absolute Difference (SAD) is introduced to 

accurately measure the decomposition performance, defined as:  

 

              (13)  

 where 𝑥𝑐 ,𝜌 (𝑛) and 𝑣𝑐,𝜌 (𝑛) represent the k-th true mode and the decomposed mode, respectively. K, 

C, and N are the number of modes, the number of channels, and the data length, respectively. 

 

The smaller the SAD value corresponding to the algorithm, the better the decomposition effect. The 

SAD values of the four algorithms when decomposing signal 𝑋1 (𝑡) are shown in Table 1. Compared 

with MMD, MEMD, and FMEMD, the proposed SAMMD algorithm has the smallest decomposition 

error and the highest decomposition accuracy.  

  

Table 1. SAD values of four algorithms 

Algorithm  SAD  

MMD   845.56  

MEMD  850.25  

FMEMD  994.78  

SAMMD  254.45  

 

IV.  Result Discussion 

4.1 EEG Alpha Rhythm Extraction 

This section demonstrates the efficacy of the proposed SAMMD method in signal decomposition and 

time-frequency analysis applications using a real-world case study. The actual case pertains to a 

collection of 4-channel electroencephalogram (EEG) recordings obtained from an experiment in 

which the individual sustained a condition of eyes-closed relaxation [5]. It has been established that, 

in a condition of closed eyes and relaxation, an alpha rhythm within the frequency range of 8–12 Hz 

can be observed in the EEG signal. Figure 4(a) illustrates the time-domain representation of the 

aforementioned EEG data, alongside the time-domain representations of the modes decomposed via 

SAMMD and their respective power spectral density (PSD) plots. In accordance with reference [5], 

only modes u_2, u_3, and u_5 are presented here. Figure 4(b) illustrates that the alpha rhythm in the 

EEG data is found in the mode u₂ derived from the SAMMD decomposition. All channels associated 

with u_2 exhibit the alpha rhythm, so confirming the mode alignment capacity of SAMMD in the 

processing of real signals. This outcome aligns with the decomposition findings of MMD, further 

validating the efficacy of the suggested algorithm. It is important to highlight that mode u_5, derived 

from both methods, is an artifact induced by the AC power supply, exhibiting a frequency of roughly 

50 Hz [1,5]. The power frequency identified by MMD is around 40 Hz, which does not align with the 

real value [5]. Conversely, SAMMD accurately recovered this power frequency, as illustrated in 

Figure 4(b). This paper's proposed SAMMD shown superior performance in this real-world scenario. 
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(a) SAMMD decomposition mode time domain diagram 

 
(b) SAMMD decomposition modal frequency domain diagram  

Figure 4: Results of SAMMD decomposition of EEG signals 

 

4.2 Plant-wide Oscillation Analysis in Control Systems  

Oscillation is one of the most common anomalies in process control systems. Although oscillation 

usually originates in one source loop, it often propagates through interconnected loops, causing plant-

wide oscillations. This can lead to wastage of production resources, product quality fluctuations, and 

even jeopardize the stability and safety of the system [24,25]. Therefore, detecting and analysing 

plant-wide oscillations is very necessary.  

 

Here, SAMMD is applied to a plant-wide oscillation dataset observed in the flotation circuit of a 

mineral processing plant [26]. The flotation circuit consists of two parallel banks, each containing 

seven flotation cells in series (Bank 1: FT001 to FT007; Bank 2: FT008 to FT014). The data sampling 

interval is 10 seconds. For ease of display and analysis, nine units (i.e., FT002 to FT010) were selected 

here and labelled as variables x₁ to x₉. The first row of Figure 5 shows the measurements of the nine 

variables, and the remaining two rows show the SAMMD decomposed modes (𝑢1 , 𝑢2 ).  
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Figure 5: Plant-level oscillation data and decomposition results of SAMMD  

 

Following reference [27], this paper adopts two indicators — the normalized correlation coefficient 

and the Sparsity Index (SI) — to detect oscillations in the modes. The normalized correlation 

coefficient (Equation 14) can eliminate false modes caused by mode alignment [24].  

  

                            (14) 

 

 Where 𝜌𝜌,𝑐 is the correlation coefficient between the mode 𝑣𝜌,𝑐 and the signal 𝑥𝑐 . Only the modes 

with 𝜃𝜌,𝑐 > 𝑇𝜃are  retained  for  oscillation  analysis,  where  the  threshold  is  generally set  as𝑇𝜃 = 

0.5[27] .  

 

The calculation formula of the Sparsity Index is as follows:  

  

                      (15)  

 

 Where  is the Fourier transform of the signal 𝑣𝜌,𝑐 to be detected, and N denotes the length of the 

signal. Oscillatory modes exhibit distinct peaks in the frequency domain, with corresponding SI 

values close to 1.  

 

According to [28], modes with SI values greater than 0.58 can be identified as oscillatory. We 

visualized the oscillation detection results of the modes decomposed by SAMMD, as shown in Figure 

6, where black squares correspond to oscillatory modes and white squares correspond to non-

oscillatory modes. It can be seen that mode 𝑣2 in channels 𝑥1 ∼ 𝑥6 exhibits an oscillation component 

of the same frequency, while mode 𝑣1 in channels 𝑥7 ∼𝑥9 contains an oscillation component of the 

same frequency. This is consistent with the analysis results of previous work [26]. The successful 

application of SAMMD in this plant-wide oscillation case further verifies the practicality and 

effectiveness of the proposed algorithm.   
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Figure 6: Visualization of plant-level oscillation detection results based on SAMMD 

 

 V. Conclusion  

This paper proposed a self-adaptive multivariate variation mode decomposition (SAMMD) 

algorithm. The method adopts the idea of matching pursuit, using the energy proportion of the residual 

signal and the orthogonality of modes in the frequency domain to adaptively update the number of 

modes   and the penalty factor α, thus solving the issue in the original MMD algorithm where 

parameters   and α need to be present. Through representative simulations and real-world cases, it has 

been verified that the sub-signals decomposed by the proposed algorithm possess mode alignment 

(mode consistency), and it has demonstrated the effectiveness and superiority of the algorithm 

compared to other classical multivariate signal decomposition methods. The algorithm presented in 

this paper showed significant advantages in the analysis of multi-channel EEG signals and plant-wide 

oscillation signals in control systems. Future research will further explore the application of the 

SAMMD algorithm in other engineering fields. At the same time, drawing on the ideas of FMEMD, 

efforts can be made to transform the multivariate optimization problem in MMD into a univariate 

problem to improve the decomposition speed of the algorithm and address the challenge of MMD in 

handling multivariate signals with a large number of channels. 
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