
Vol.:(0123456789)

Medical & Biological Engineering & Computing (2025) 63:1059–1079 
https://doi.org/10.1007/s11517-024-03246-1

ORIGINAL ARTICLE

An adaptive session‑incremental broad learning system for continuous 
motor imagery EEG classification

Yufei Yang1 · Mingai Li1,2,3   · Linlin Wang1

Received: 17 June 2024 / Accepted: 8 November 2024 / Published online: 29 November 2024 
© International Federation for Medical and Biological Engineering 2024

Abstract
Motor imagery electroencephalography (MI-EEG) is usually used as a driving signal in neuro-rehabilitation systems, and its 
feature space varies with the recovery progress. It is required to endow the recognition model with continuous learning and 
self-updating capability. Broad learning system (BLS) can be remodeled in an efficient incremental learning way. However, 
its architecture is intractable to change automatically to adapt to new incoming MI-EEG with time-varying and complex 
temporal–spatial characteristics. In this paper, an adaptive session-incremental BLS (ASiBLS) is proposed based on mutual 
information theory and BLS. For the initial session data, a compact temporal–spatial feature extractor (CTS) is designed to 
acquire the temporal–spatial features, which are input to a baseline BLS (bBLS). Furthermore, for new session data, a mutual 
information maximization constraint (MIMC) is introduced into the loss function of CTS to make the features’ probability 
distribution sufficiently similar to that of the previous session, a new incremental BLS sequence (iBLS) is obtained by adding 
a small number of nodes to the previous model, and so on. Experiments are conducted based on the BCI Competition IV-2a 
dataset with two sessions and IV-2b dataset with five sessions, ASiBLS achieves average decoding accuracies of 79.89% and 
87.04%, respectively. The kappa coefficient and forgetting rate are also used to evaluate the model performance. The results 
show that ASiBLS can adaptively generate an optimized and reduced model for each session successively, which has better 
plasticity in learning new knowledge and stability in retaining old knowledge as well.

Keywords  Motor imagery EEG · Incremental learning · Broad learning system · Mutual information theory · Temporal–
spatial features

1  Introduction

Motor imagery electroencephalography (MI-EEG)-based 
brain–computer interface (BCI) allows the human brain to 
control devices without activating muscles [1]. BCI technol-
ogy can recognize and translate motor intentions to control 
rehabilitation assistive devices [2]. However, during the 
rehabilitation process, MI-EEG signals exhibit high-dimen-
sional and time-varying characteristics, leading to significant 
differences in temporal and spatial feature distributions [3]. 

Most existing recognition models, which process all data 
simultaneously, work in batch mode, the changes in feature 
distribution are ignored. It is essential to develop more effi-
cient incremental learning methods to improve the accu-
racy of MI task recognition across different sessions. Such 
advancements are critical for enhancing the clinical utility 
and adaptability of MI-BCI systems.

Incremental learning (IL) strategies strive to find a trade-
off between plasticity and stability in neural networks. 
Plasticity refers to a model's ability to adapt and learn new 
knowledge, while stability ensures that previously learned 
knowledge is preserved even as the model is updated with 
new data, i.e., the ability to mitigate catastrophic forgetting 
[4, 5].

At present, IL strategies are generally categorized into 
three types: replaying old data, isolating parameters (or 
structural expansions), and adding regularization terms [6]. 
Replaying-based methods combine old and new data dur-
ing training to maintain model generalization and prevent 
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overfitting [7, 8]. However, these methods may become 
impractical when data privacy or storage limitations are a 
concern. Parameter isolation methods freeze key parameters 
for previous tasks while expanding new network branches to 
accommodate new data [9]. If these frozen parameters are not 
properly aligned with the new branches, feature representa-
tions for earlier tasks may degrade, leading to catastrophic 
forgetting [10]. Regularization-based methods introduce con-
straints to limit the update direction of parameters, maintain-
ing consistency with previous tasks [4, 11]. However, relying 
solely on regularization may limit the model’s adaptability 
to new data. At the current stage, numerous researchers are 
focusing on hybrid methods, which integrate multiple strate-
gies to mitigate individual limitations [12–14]. Despite these 
efforts, developing effective IL methods for incremental MI-
EEG decoding remains a significant challenge.

Deep convolutional neural network (DCNN) provides 
a powerful framework for continuous EEG decoding, with 
their strong feature representation and high recognition per-
formance resulting from numerous hyperparameters and lay-
ers [15]. Thus, the training and deployment of DCNN-based 
models is costly and time consuming, especially for complex 
and incremental tasks. Consequently, compact DCNN archi-
tectures are increasingly advocated for IL scenarios. Lawhern 
et al. [16] first proposed EEGNet, a compact and robust CNN, 
to extract interpretable temporal and spatial features from 
EEG-based BCI. Later, EEGNet was deployed as a feature 
extractor for widespread applications in emotion recognition 
[17], fatigue driving detection [18], epilepsy prediction [19], 
and so on. In MI-EEG classification, the classification accura-
cies can reach 77% [20] and 74.93% [21] on the binary and 
four-category MI tasks, respectively. The performance of the 
traditional EEGNet needs to be further improved. Moreover, 
when updated with new data that differ from previous data 
distributions, EEGNet is vulnerable to catastrophic forgetting.

In addition, to explore alternative models for DCNN, the 
broad learning system (BLS) was proposed in [22]. BLS not 
only shows high recognition performance but also offers an 
expandable architecture suitable for incremental learning. Its 
convergence can be improved by adding nodes in the broad 
direction, while previously added nodes are frozen [23]. 
Notably, the weights and bias of output layer are optimized 
by recursive least squares rather than iterative updating [24]. 
This “one-step” update rule balances high performance with 
low computational complexity. Furthermore, compared with 
DCNN, BLS has the higher interpretability [25].

In recent years, more efficient derivative algorithms based 
on BLS have been developed. Fu et al. [26] introduced a novel 
transformer–BLS network aimed at balancing training speed 
and accuracy. A stacking multi-view BLS with residual struc-
tures was proposed to enhance classification performance on 
complex datasets [27]. However, in EEG-based classification, 
the reported researches show that BLS-based methods can 

hardly surpass DCNN-based methods [28–30]. This is pri-
marily due to the limitations of BLS's flat model structure, 
which makes it challenging to capture the implicit information 
within high-dimensional, time-varying EEG signals.

Inspired by BLS and the three aforementioned incremental 
learning strategies, an adaptive recognition method, called 
adaptive session-incremental BLS (ASiBLS), is developed 
for incremental MI-EEG from various sessions. ASiBLS inte-
grates mutual information theory with BLS-based dynamic 
remodeling mechanisms to improve adaptability and continu-
ous learning capability. First, raw MI-EEG is preprocessed 
through filtering and data augmentation. A compact tempo-
ral–spatial convolutional block (CTS) is designed to capture 
the temporal and spatial features of MI-EEG on the initial 
session. Then, an optimized baseline BLS (bBLS), enhanced 
by sparse autoencoder (SAE) and grid search (GS), is built to 
map and enhance the global features and then classify them. 
For the incremental sessions, CTS is updated to an incre-
mental CTS (iCST) by using mutual information to reduce 
distributional discrepancies between the current and adjacent 
sessions. Finally, an expandable incremental BLS sequence 
(iBLS) is constructed by adding minimal nodes to the exist-
ing model, ensuring efficient adaptation to new session while 
preserving knowledge from previous session.

The main contributions of this work are summarized as 
follows:

A session-incremental method, ASiBLS, is proposed to 
automatically classify the time-varying and complex MI-
EEG across incremental sessions.
A novel CTS is constrained by the additional MIMC in 
the loss function, making the feature distributions of two 
adjacent sessions more similar.
For each new session MI-EEG, iBLS with optimized 
structure is generated based on the previous session by 
adding a small number of neural nodes.
The incremental learning performance of ASiBLS is 
evaluated on two public BCI competition datasets.

The rest of the paper is organized as follows: Section 2 sum-
marizes the research progress of related work. Section 3 pre-
sents details of the ASiBLS. Large numbers of related experi-
ments and results are presented in Section 4. Section 5 discusses 
the present work. Finally, Section 6 concludes this paper.

2 � Related works

2.1 � Incremental learning

At present, the replay-based methods have achieved sig-
nificant progress. On the one hand, real old data can be 
directly replayed to train with new data. Rebuffi et al. [31] 
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gave an incremental classifier and representation learning; 
Tian et al. [7] proposed a novel pre-trained model knowl-
edge distillation method instead. Other studies, such as the 
prototype similarity replay and similarity-adjusted regu-
larization (PSSR) [32] and the adaptive-experience replay 
and distribution character-guided projection replay net-
work (AdaER) [33], involved playing back the prototypes 
or representative features from each category of old tasks. 
Furthermore, some works have deployed generative mod-
els to generate pseudo-old data. Kang et al. [34] proposed 
a recall-oriented continual learning framework to address 
the stability–plasticity dilemma. He et al. [35] introduced 
an introspective generative adversarial network to perform 
incremental generation and classification. Yang et al. [36] 
proposed a dynamic regeneration with task-adaptive distil-
lation for class incremental learning.

Parameter-isolated incremental learning methods perform 
well in alleviating catastrophic forgetting, especially for old 
and new tasks with high variability. The classic methods 
include progressive neural networks (PNN) [9], dynamically 
expandable networks (Der) [10], piggyback networks [37], 
and so on. In recent years, as researchers have increased 
their computational resources, some more advanced mod-
eling improvements have been proposed, such as an efficient 
perturbation inference and expandable network (EPIE-Net) 
that achieved superior performance with fewer parameters 
on class incremental learning benchmarks [38]; an adaptive 
parameter multiplexing model was proposed for dynamic 
parameter adjustments in [39]. More researchers are work-
ing to reduce its resource consumption while improving its 
applicability in more complex scenarios.

Regularization-based strategies are most popularly 
used in the current phase of incremental learning research. 
There are three main mechanisms: regularization of model 
weights, such as classic elastic weight consolidation [4] 
and gradient reweighting [11]; regularization based on 
knowledge distillation that includes the learning without 
memorizing [40], the dual distillation structure for few-
shot class incremental learning [41]; and task correlation 
regularization, which involves the proposed task-based 
hard attention mechanisms [42] and so on.

Currently, of course, more research is being done on 
the integration of two or more incremental learning strate-
gies, which is superior to methods using only one strategy 
[12–14].

2.2 � Incremental learning in EEG classification

To advance the real-world application of EEG-based BCI 
technology, several DCNNs incorporating IL strategies have 
been developed. In EEG-based emotion recognition, incre-
mental learning preserving the learned feature space method 
(IL2FS) was established by adding a bias correction in the 

loss function and replaying a small number of old samples 
[43]. An incremental multimodal autoencoder (AE) was pro-
posed to diagnose chronic diseases; it provided an exten-
sible modeling structure for new tasks [44]. Incremental 
vocabulary learning in imagined speech was facilitated by a 
class-incremental neural network, which employed a novel 
loss function designed to minimize the center-of-mass dis-
tance between old and new tasks [45]. In EEG-based seizure 
prediction, Deng et al. [46] proposed an experience replay 
(ER) method combined with centroid matching (ER-CM) to 
build a unified epilepsy prediction incremental learning sys-
tem. Sun et al. [47] designed a meta self-attention prototype 
incrementer (MAPIC) to enhance few-shot class-incremen-
tal learning for medical time series, achieving significant 
performance improvements. A memory-based approach 
for online sequential EEG decoding is proposed, utilizing 
a dynamic memory buffer and kernel-based subject shift 
detection to address catastrophic forgetting and maintain 
performance across sequential subjects [48].

2.3 � Motor imagery EEG classification

Motor imagery decoding and classification technology has 
made significant progress, especially as derived artificial 
intelligence algorithms, represented by CNN, have been 
widely used to extract temporal and spatial features auto-
matically. Based on some classical, EEGNet [16], Shallow-
ConvNet [15], the long short-term memory (LSTM) [49], 
and so on, many state-of-the-art models have been devel-
oped in recent years. Fu et al. proposed an iterative weighted 
sparse-group lasso (iWSGL) to optimize high-dimensional 
features by adaptively grouping features and calculating 
weights based on conditional entropy [50]. A novel network 
framework (IFBCLNet), which integrates CNN and LSTM, 
is presented to extract spatio-temporal-frequency features 
of MI-EEG [51]. A manifold attention-based multi-domain 
CNN (MAMCNet) was introduced to decode brain intention 
[52]. To boost the robustness of the decoding MI model, the 
parallel multi-scale temporal convolutional network (TCN) 
layers were introduced to capture different detailed features 
[53]. To address low signal-to-noise ratio and inter-subject 
variability, a novel end-to-end multi-branch 1D convolu-
tional neural network (EEG-FMCNN) was presented in [21]. 
Moreover, a novel Riemannian geometry and deep domain 
adaptation network (RGDDANet) was proposed to classify 
MI, where two 1-D convolutions were exploited to obtain 
temporal and spatial features [54]. Although CNN-based 
deep learning exhibits high recognition performance, the 
multilayer structure inevitably increases the computational 
costs.

Broad learning system has been successfully applied in 
MI-EEG classification, owing to its advantages in efficiency, 
interpretability, and easy implementation. She et al. [28] gave 
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a graph-based semi-supervised broad learning system, which 
utilizes graph label propagation to generate pseudo-labels 
for unlabeled data and trains the classifier with both labeled 
and pseudo-labeled samples. Based on GSS-BLS, a novel 
semi-supervised broad learning system with transfer learning 
(TSS-BLS) was further proposed in [29]. Moreover, a session-
incremental broad learning system (SIBLS) was proposed to 
recognize incremental MI-EEG by incorporating the advan-
tages of the principal component analysis network (PCANet) 
and SAE [30]. However, SIBLS covers multiple layers of 
structure, which makes model training more time consuming.

3 � Materials and methodology

This section first presents two public EEG datasets, which 
are used to evaluate our method, and describe the preproc-
essing techniques applied to the raw MI-EEG. The imple-
mentation details of ASiBLS on the initial and incremental 
sessions are separately given in the subsequent subsections. 
An illustration of ASiBLS is shown in Fig. 1.

3.1 � EEG datasets

The public datasets BCI Competition IV-2a (IV-2a) [55] and 
BCI Competition IV-2b (IV-2b) [56], which were provided 
by the Brain-Computer Interface Laboratory of Graz Uni-
versity of Technology’s Knowledge Discovery Institute, are 
used to evaluate the proposed method. Dataset details are 
summarized in Table 1. Each session MI-EEG was recorded 

on different days; the sampling time schemes of one session 
are shown in Fig. 2. IV-2a can be downloaded from http://​
www.​bbci.​de/​compe​tition/​iv, and IV-2b can be downloaded 
from http://​www.​bbci.​de/​compe​tition/​iv/#​datas​et2b.

3.2 � Preprocessing and input definition

MI-EEG records motor-related perceptual rhythmic changes 
in the cerebral cortex during MI, mostly covering both Mu 
and Beta rhythms. In most reported studies, Mu and Beta 
frequency bands are considered to 8–13 Hz and 14–32 Hz, 
respectively [15]. To filter raw MI-EEG, a finite impulse 
response (FIR) bandpass filter with a bandwidth of 8–32 Hz 
is applied. In addition, due to the limited data available in 
independent session studies, models are prone to overfitting, 
thus data augmentation plays an important role. The slid-
ing window method is introduced by using an overlapping 
window to slice filtered signals. Given a time sequence of 
length T  , the number of augmented sub-sequences N  can 
be calculated by the following equation:

where lW is the window length and lS is the step size of the 
window movement.

Suppose that a session stream of labeled MI-EEG chunks 
is represented as {�(1),… ,�(n),… ,�(N)} , where N  is the 
number of sessions, for the nth session �(n) =

{
X(n), Y (n)

}
 , 

(1)N =

(
T − lW

lS

)
+ 1

Fig. 1   Illustration of ASiBLS, where CTS is a compact temporal–spatial convolutional block, iCTS is an incremental CTS, MIE is the mutual 
information estimator, and LM is the objective function of mutual information maximization constraint term

http://www.bbci.de/competition/iv
http://www.bbci.de/competition/iv
http://www.bbci.de/competition/iv/#dataset2b
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the raw sampling signal X(n) ∈ ℝ
S×C×T , and the label matrix 

Y (n) ∈ ℝ
S×L . On each session of IV-2a, the number of sam-

pling trials S , EEG channels C , sampling points T  , and MI 
categories L are 288, 22, 250, and 4, respectively. Addition-
ally, on each session of IV-2b, C , T  , and L are 3, 250, and 
2, respectively; S is 120 on the 1st and 2nd sessions; and S 
is 160 on the 3rd, 4th, and 5th sessions. Then, X(n) is pre-
processed. According to Eq. (1), when lW and lS are set to 
1 s (250 sampling points) and 0.2 s (50 sampling points), 
respectively, N  is calculated as 11. More specifically, after 
data augmentation, the number of sampling trials S′ can be 
obtained by S ×N  for each session of IV-2a, i.e., S′ is equal 
to 288 × 11. Similarly, for each session of IV-2b, S′ is equal 
to 120 × 11 on the 1st and 2nd sessions and 160 × 11 on the 
3rd, 4th, and 5th sessions, respectively.

3.3 � Modeling on the initial session

3.3.1 � Compact temporal–spatial feature extractor

Inspired by EEGNet [16], a compact temporal–spatial fea-
ture extractor (CTS) is structured to extract low-dimensional 
temporal–spatial features, which record the local distribution 

characteristics of MI-EEG. CTS mainly includes a temporal 
convolution block (T-Conv) and a spatial convolution block 
(S-Conv). Unlike EEGNet constructed by a two-dimensional 
convolution (Conv2D) and Depthwise and Separable con-
volutions, a Conv2D in S-Conv replaces the Separable con-
volution in EEGNet. The Conv2D, Depthwise Conv2, and 
another Conv2D can capture sequentially temporal features 
along the time dimension, spatial features along the EEG 
channels dimension, and the feature map channel dimen-
sion. The implementation details are listed in Table 2 and 
the illustration of CTS is depicted in Fig. 3.

The first convolutional block, T-Conv, is used to extract 
features in the temporal dimension. T-Conv is composed of a 
Conv2D layer with D

�
 temporal filters of kernel size (1, k1) , 

where k
�
 is the filter length, and a batch normalization (BN) 

layer. In this work, k
�
 is set to a quarter of the sampling fre-

quency f s . The output of T-Conv is D1 temporal feature maps.
Sequentially, the second convolutional block, S-Conv, 

is designed to independently capture the spatial features of 
the temporal feature maps, which correspond to the EEG 
channels. It then integrates all feature maps simultane-
ously, ensuring that both temporal and spatial information 
are effectively combined for more comprehensive feature 

Table 1   Details of EEG datasets Parameters IV-2a IV-2b Explanation

– 9 9 No. of subjects
N 2 5 No. of sessions
S 288 120 (with feedback)/160 

(without feedback)
No. of sampling trials for each session

fs 250 Hz 250 Hz Sampling frequency
– 3–6 s 4–7 s Duration of MI
T 750 750 No. of MI sampling points
C 22 3 No. of EEG channels
L Left hand, right hand, 

foot, tongue
Left hand, right hand Categories of MI tasks

Fig. 2   The sampling time scheme for one session. a IV-2a dataset, (b) IV-2b dataset
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extraction. Two convolutional layers, Depthwise Conv2D 
and Conv2D, are incorporated in S-Conv. In the Depthwise 
Conv2D layer, the number of spatial filters is D

�
 and ker-

nel size is (C, 1) ; the output dimension is controlled via 
D1 × D2 . The exponential linear unit (ELU) is used for 
nonlinear activation. An average pool layer of size (1,4) 
is attached to Depthwise Conv2D for feature compression. 
Next, in the Conv2D layer, the number of filters is D3 and 
kernel size is (D1 × D2, k2) , where the length of temporal 
filter k2 is set to one-sixteenth of the frequency. ELU is also 
used as an activation function. Another average pool layer 
of size (1,8) is introduced to reduce the sampling rate. All 
convolutional layers are performed batch normalization to 
accelerate convergence.

Finally, a flatten layer is exploited to flat temporal–spatial 
features F(n) ∈ ℝ

S×(8×D3) . Moreover, an auxiliary dense layer 
with softmax activation is appended to CTS for supervised 
feature representation. CTS is first trained on the initial ses-
sion by minimizing the softmax cross-entropy loss LCE , i.e.,

where ps
(
X(1)
s
;W(1)

)
 and p̂s

(
X(1)
s
;W(1)

)
 are the actual and pre-

dicted probabilities for the s − th MI sampling trial. Finally, 
the temporal–spatial features F(n) of the initial session are 
outputted from CTS.

CTS offers significant advantages in EEG feature extrac-
tion, including automatic feature extraction, efficiency, and 

(2)argmin:LCE = −

S∑
s=1

ps
(
X(1)
s
;W(1)

)
logp̂s

(
X(1)
s
;W(1)

)

Fig. 3   Illustration of CTS, where the input of CTS is preprocessed MI-EEG and the outputs are temporal–spatial features

Table 2   Implementation details of CTS, where T-Conv is the tempo-
ral convolution block; S-Conv is the spatial convolution block; “C,” 
“T,” and “S’” are the number of MI-EEG channels, sampling points, 

and sampling trials, respectively; and “D1,” “D2,” and “D3” are the 
number of temporal feature filters, spatial feature filters in the depth-
wise Conv2D layer and the Conv2D layer, respectively

Blocks Layers No. of filters Kernel sizes No. of parameters Output Activation

Input Input – – – (C, T) –
Reshape – – – (1, C, T) –

T-Conv Conv2D D1 (1, fs/4) D1 × fs/4 (D1, C, T) Linear
BN1 – – D1 × 2 (D1, C, T) –

S-Conv Depthwise Conv2D D2 × D1 (C, 1) D1 × D2 × C (D1 × D2, 1, T) Linear
BN2 – – D1 × D2 × 2 (D1 × D2, 1, T) ELU
Avg. pool – (1, 4) – (D1 × D2, 1, T //4) –
Conv2D D3 (D2 × D1, fs/16) fs/16 × D2 × D1 + D3 × (

D2 × D1)
(D3, 1, T //4) Linear

BN3 – – 2 × D3 (D3, 1, T //4) ELU
Avg. pool (1, 8) – (D3, 1, T //32) –

Output Flatten – – – (D3 × (T //32),1) –
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enhanced performance. Different from traditional methods 
that rely on expert knowledge and experience, CTS simpli-
fies the feature extraction process and effectively captures 
the complex characteristics of EEG signals through deep 
learning. This makes it more practical for BCI applications 
and clinical diagnosis, overcoming the limitations associated 
with conventional approaches.

3.3.2 � Baseline BLS

In contrast to deep learning, BLS greatly reduces computa-
tional costs by adopting forward ridge regression approxima-
tion instead of backward iterative updating and randomly gen-
erating weights and biases [22]. In this paper, an optimized 
baseline BLS (bBLS) by SAE and GS is developed to further 
capture features from a global perspective and classify MI 
tasks on the initial session. SAE, as a powerful feature opti-
mization tool, can effectively extract high-quality and sparse 
features to reduce redundancy and enhance feature differen-
tiation, thereby improving model performance and reducing 
computational complexity [25]. Depending on the feature dis-
tribution of the different sessions, the width (scale) of bBLS 
can be adaptively determined by GS. The illustration of bBLS 
is shown in Fig. 4.

Given the feature set of the initial session is 
{
F(1), Y (1)

}
 , in 

the feature mapping layer, F(1) first is mapped to K groups of 
feature nodes, which are computed by

where 𝓁(⋅) is the linear activation function, the randomly gen-
erated connection weight and bias W (1)

Z�
 and �(1)

Z�
 [22]. To over-

come the unpredictability of random W (1)

Z�
 and �(1)

Z�
 , SAE is 

used to fine-tune randomly generated Z(1)
�

 into a set of parse 
and compact features, which can better characterize the data 
distributions. The sparse features can be achieved by

where W̃Z𝜅
 is the connection weight of SAE and � is the regu-

larization coefficient. The mapped features of all groups are 
concatenated and represented as Z(1) =

[
Z
(1)

1
, Z

(1)

2
,… , Z

(1)

K

]
 . 

Then, Z(1) is applied to generate M groups enhancement 
nodes in the feature enhancement layer, and the calculation 
equation is given as

where W (1)

Hm
 is randomly generated as an orthogonal matrix 

and �(⋅) is the nonlinear activation function. Same as Z(1) , 
H(1) is also concatenated as H(1) =

[
H

(1)

1
,H

(1)

2
,… ,H

(1)

M

]
 . The 

mapping and enhancement features are combined to 

(3)Z(1)
�

= �

(
F(1)W

(1)

Z�
+ �

(1)

Z�

)
, � = 1,… ,K

(4)argmin
ŴZ�

‖Z(1)
�
W̃Z�

− F(1)‖2
2
+ �

���W̃Z�

���

(5)
H(1)

m
= �

([
Z
(1)

1
, Z

(1)

2
,… , Z

(1)

K

]
W

(1)

Hm
+ �

(1)

Hm

)
, m = 1,… ,M

Fig. 4   Illustration of bBLS, where F(1) is the temporal–spatial fea-
tures from the initial session, Z(1)

1
,… ,Z

(1)

K
 are the mapping features, 

H
(1)

1
,… ,H

(1)

M
 are the enhancement features, y(1) is the predictions, 

and UZ and UH are the number of mapping and enhancement feature 
nodes in a group
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constitute the features matrix A(1) ≜

[
Z
(1)

1
,… , Z

(1)

K

|||H
(1)

1
,… ,H

(1)

M

]
 . 

Finally, the outputs of bBLS are solved by y(1) = A(1)W
(1)

O
 , 

where W (1)

O
 is the output layer connection weights. To avoid 

model overfitting and boost the generalization ability, W (1)

O
 

are derived and optimized by the ridge regression, which is 
the least squares estimate of linear equations, and the objec-
tive function is as follows:

then

where the pseudo-inverse matrix (A(1))+ can be approximated 
as lim

�→0
((A(1))TA(1) + �I)−1(A(1))T , and � is the regularization 

coefficient, which will be selected by repetitive experiments. 
The selectable hyper-parameters K and M will be deter-
mined via GS for the specific session.

The modeling process on the initial session is shown in 
Algorithm 1.

Algorithm 1   Modeling on the initial session

3.4 � Modeling on the incremental sessions

3.4.1 � Incremental CTS

Time-varying MI-EEG exhibits significant feature distribu-
tion variations on different sessions. The trained CTS by the 
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old sessions is hard to converge rapidly on the new session. 
However, directly retraining a new subnetwork may cause 
the modified model to deviate from the optimal solutions 
for the old sessions. Motivated by the mutual information 
theory and the regularization-based incremental learning, 
an extra regularization term, called mutual information 
maximization constraint (MIMC), is imposed on the loss 
function of GST, yielding an incremental CTS (iCTS) to 
improve the features distribution similarity between new 
and previous sessions.

Mutual information theory based on Shannon entropy-
based statistics [57] is usually used to measure the cor-
relation of two nonlinear random variables by calculating 
probability [58]. When the labeled MI-EEG from the nth 
session 

{
X(n), Y (n)

}
 is added to ASiBLS, the mutual informa-

tion between temporal–spatial features F(n) and F(n−1) can be 
calculated by

where ℍ(⋅) denotes the Shannon entropy, which is utilized 
to quantify the uncertainty or randomness of variates. How-
ever, the direct calculation of Shannon entropy requires a 
known prior probability distribution, which is a significant 
challenge for complex high-dimensional variables or sparse 
data. Thus, a mutually informed neural estimation (MIME) 
is introduced to estimate I(F(n),F(n−1)) . MIME reformulates 
mutual information into Donsker–Varadhan representation 
by using a mutual information estimator (MIE), which is a 
parameterized neural network, and the reformulated equa-
tion is given as follows:

where sup�(⋅) indicates the supremum of expectation, PJ 
and PQ are the probabilities of joint distribution and prod-
uct of marginal distributions of F(n) and F(n−1) , respectively, 
and M stands for the parameterized MIE. Furthermore, 
I
(
F(n),F(n−1)

)
 is approximated as a probabilistic form:

where S′ is the number of sampling trials after data augmen-
tation. Then, the objective function of MIMC is given as
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The overall objective function of iCTS on continuous 
sessions is defined as follows:

where � is the trade-off coefficient.

3.4.2 � Incremental BLS sequence

To further improve the continuous learning and self-updat-
ing ability of our method for session-incremental MI-EEG, 
an adaptive incremental BLS sequence (iBLS) is built by 
adding a few extra nodes to bBLS. The illustration of iBLS 
is given in Fig. 5.

When the temporal–spatial features of the n − th session 
F(n) are sequentially incorporated, according to Eqs. (2) 
and (4), the mapped features Ẑ(n)

k∗
 and enhancement features 

Ĥ
(n)
m∗ on the trained iBLS by the (n − 1) − th session are 

calculated by Ẑ(n)

k∗
= �

(
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+ 𝛽

(n−1)
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)
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)
,m∗ = M + 1,… ,M∗ , and 

the output can be obtained by
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If the model fails to converge completely, new mapping 
and enhancement nodes are added. For the K∗ + 1 group 
feature mapping nodes, the mapped feature and the corre-
sponding enhancement nodes are randomly generated as

Then, denote A(n) ≜
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Fig. 5   Illustration of iBLS, where the temporal–spatial features 
F(2),… ,F(n) are from the 2nd to nth sessions, Z(n)

K+1
,… ,Z

(n)

K∗ are the 
additional mapping features generated by incremental feature map-

ping nodes, and H(n)

M+1
,… ,H

(n)

M+G
 are the enhancement features from 

incremental feature enhancement nodes
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If the model is still unconverging, repeat Eq.  (14) to 
Eq. (18) until the convergence condition is satisfied. In par-
ticular, only the pseudo-inverse of the newly mapped and 
enhanced features needs to be computed, the trained iBLS 
without retraining. The number of new nodes is adaptively 
determined by GS as well.

The modeling process on the incremental sessions is 
shown in Algorithm 2.

Algorithm 2   Modeling on the incremental sessions

4 � Experiments and results

4.1 � Experimental setup

All experiments are carried out under the workstation, with 
3.60 GHz Intel(R) Core i7—16 GB RAM NVIDA T1000 
GPU, CUDA 10.2 and cuDNN 7605. The model simulation 
will use Python 3.9 and Pytorch 1.10 in Spyder 5.1.5.

4.1.1 � Parameter settings

In the evaluation experiments, the details of the key param-
eter settings are listed in Table 3. In particular, the number 

of temporal feature filter D1 and spatial feature filter D2 are 
determined by repeatable experiments; more details are 
given in Section 4.5.

4.1.2 � Evaluation approaches

In this paper, the effectiveness and plasticity of the proposed 
method are validated by fivefold cross-validation, as well 
as the stability evaluation employs the hold-out method 
(H–O) with a division ratio of 80%:20% (4:1), which ensures 
that the test datasets from previous sessions have not been 
involved in training iBLS.

Evaluation metrics include the test accuracy (Acc.), 
standard deviation (Std.), Cohen’s Kappa coefficient 
(Kc), and forgetting rate (Fr) [59]. Acc is used to meas-
ure the recognition ability of the model for diverse tasks. 
Comparison of Std can deduce the generalization of the 
model for different individuals. Kc is commonly applied 
to evaluate the consistency between given labels and 
predictions, and it can be calculated by the confusion 
matrix:

where Po is the actual consistency probability and Pe is 
the randomized consistency probability. Fr is used to 
describe the memory of the updated model by new data 
to previous data. Suppose that the total of N  sessions is 
given, Fr of the updated model for the nth session is sum-
marized as [59]

where n ∈ [1,N] and Acc∗
N,n

 is the test accuracy of the model, 
which was trained on the Nth new session, for the nth previ-
ous session. Acc

n
 is the test accuracy on the nth independ-

ent session. A lower Fr means that the model can maintain 
its performance for the old sessions after incorporating the 
new sessions. In contrast, a larger value is known as the 
catastrophic forgetting phenomenon.

4.2 � Effectiveness evaluation on the initial session

A reliable baseline model is critical for continuously learn-
ing session-incremental MI-EEG. The effectiveness of the 
models is first evaluated on the initial session, specifically, 
the fivefold cross-validation results of ASiBLS are com-
pared with the related methods, BLS [22] and EEGNet 8,2 
(includes eight temporal filters and two spatial filters) [16], 
as listed in Tables 4 and 5.

(20)Kc =
Po − Pe

1 − Pe

(21)Fr =
Accn − Acc∗

N,n

Accn
× 100%
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4.2.1 � Evaluation on IV‑2a

For the comparison results on IV-2a, as shown in Table 4, 
ASiBLS achieves an average Acc. of 79.28%, which is 
superior to BLS and EEGNet 8,2, especially for BLS. We 
further employ Std. to evaluate the inter-subject general-
izability of our method; an average Std. of 6.31 is higher 
than BLS and EEGNet 8,2, which means that ASiBLS has 

stronger generalization performance for individual vari-
ability. Meanwhile, ASiBLS obtains an average Kc of 0.72, 
which holds superior consistency for the predictions cal-
culated and the actual value. In addition, the total training 
time of nine subjects and the test time of a sampling trial 
are also introduced to evaluate the model’s computational 
complexity. Although ASiBLS requires more total time, it 
inherits the advantages of BLS and EEGNet 8,2, i.e., the 
decoding ability is significantly improved while a training 
time of 1028.79 s less than the combined time of BLS and 
EEGNet 8,2 is obtained.

4.2.2 � Evaluation on IV‑2b

To evaluate the generalizability of our method on different 
datasets, we again compare the evaluation results of ASiBLS 
with BLS, EEGNet 8,2 on the initial session of IV-2b, as 
summarized in Table 5. ASiBLS shows an average Acc. of 
85.6%, Std. of 7.09%, and Kc. of 0.81; the decoding ability 
of ASiBLS to MI tasks is significantly improved than BLS 
and EEGNet 8,2. Although the rapidly updated BLS reveals 
obvious advancement in training and testing compute costs, 
its decoding ability and inter-subject generalizability need 
to be improved. To summarize, the effectiveness of ASiBLS 
in classifying MI-EEG is significantly enhanced than the 
related methods.

4.3 � Plasticity evaluation

To evaluate the plasticity of the proposed methods, we 
compare the decoding accuracies of BLS, EEGNet 8,2, 
and ASiBLS for new sessions in both static and dynamic 
training scenarios. In the static training scenario, the 
model is independently trained and inferred independently 

Table 3   Details of the key parameter settings

Components Parameters Settings

Preprocessing lw 1 s
ls 0.2 s
N 11

CTS k1 250/4
k2 250/16
D1 8
D2 2
D3 8 × 2
Dropout rate 0.5
Epochmax 50
Batch size 64

bBLS No. of mapping nodes (a group) [50,100]
No. of enhancement nodes (a group) [50,1000]
Search step of K 5
Search step of M 50
K [1, 10]
M 1
� and � 10–8

𝓁(⋅) Linear
�(⋅) Relu

iCTS � 0.8
iBLS K* and M* [1, 10]

Table 4   Comparison of 
ASiBLS and BLS/ EEGNet 8,2 
on the initial session of IV-2a

Subjects BLS EEGNet 8,2 ASiBLS

Acc. (%) Kc Acc. (%) Kc Acc. (%) Kc

A1 73.78 0.6504 78.62 0.7149 83.47 0.7796
A2 56.07 0.4143 57.37 0.4316 68.73 0.5831
A3 69.12 0.5883 84.34 0.7912 86.29 0.8172
A4 68.16 0.5754 61.46 0.4861 75.30 0.6707
A5 63.09 0.5078 74.12 0.6550 79.73 0.7297
A6 72.40 0.6321 68.23 0.5763 70.64 0.6086
A7 54.07 0.3876 76.30 0.6840 81.29 0.7505
A8 63.94 0.5192 82.75 0.7700 83.18 0.7757
A9 57.26 0.4301 79.27 0.7236 84.85 0.7979
Avg. (%) 64.21 0.5228 73.61 0.6481 79.28 0.7237
Std (%) 7.22 – 9.38 – 6.31 –
Training time (s) 411.56 926.55 1028.79
Test time/trial (s) 0.831 × 10−3 1.07 × 10−3 4.80 × 10−3
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for each new session. Conversely, the dynamic training 
scenario involves the model trained on previous sessions, 
then updating it to infer subsequent sessions. The remain-
ing sections follow similar principles. Comparison results 
on IV-2a with multiple MI tasks and IV-2b with multiple 
sessions are illustrated in Figs. 6 and 7, respectively.

4.3.1 � Evaluation on IV‑2a

In Fig. 6, the average Acc. of static ASiBLS only obtains 
78.36%, while dynamic ASiBLS reaches 80.5%, which 
is increased by 2.14%. However, the continuous learning 
ability of BLS is limited, with the average accuracies of 
static and dynamic BLS being 62.57% and 63.19%, respec-
tively, showing only a 0.62% improvement in accuracy. 
Dynamic EEGNet 8,2, which involves retraining on each 
new session, exhibits classification accuracy comparable 
to that of static EEGNet 8,2. Statistical results demonstrate 
that ASiBLS shows superior classification performance 
and continuous learning ability for new session data.

The overall classification performance of ASiBLS is 
given by calculating the average results of the initial and 
incremental sessions, where the average Acc. is 79.89%, 
the average Std. is 6.58, and Kc. is 0.73.

4.3.2 � Evaluation on IV‑2b

To evaluate the model's plasticity across multiple incremen-
tal sessions, the average accuracies of static and dynamic 
ASiBLS are compared in Fig. 7. The average results of 
dynamic ASiBLS are 1.27%, 0.74%, 1.60%, and 0.99% 
higher than static ASiBLS on the 2nd, 3rd, 4th, and 5th ses-
sions, respectively. These results suggest that ASiBLS in 

dynamically updating scenarios consistently outperforms it 
in static training scenarios for multiple sequential sessions. 
In other words, the innovatively introduced MIMC (relative 
to BLS) boosts the classification performance of ASiBLS by 
increasing the probability distribution of features between 
sessions.

For the overall classification performance of ASiBLS 
on the five continuous sessions, the average Acc. reaches 
87.19%, with an average Std. of 7.24 and an average Kc. of 
0.72.

4.4 � Stability evaluation

Stability describes the method's ability to retain the memory 
for previous sessions after being updated by new sessions. 
The forgetting rates of ASiBLS are compared with BLS on 
IV-2a and IV-2b to evaluate the method's stability, as shown 
in Table 6 and Fig. 8.

4.4.1 � Evaluation on IV‑2a

For IV-2a with multiple MI tasks, in Table 6, the static Acc. 
refers to the test accuracy obtained after the model is inde-
pendently trained on the initial session, and the dynamic Acc. 
is the tested accuracy of the model, which is updated by the 
2nd session, for the initial session. Dynamic BLS and ASi-
BLS show 3.1% and 1.24% reductions in average accuracies 
than static BLS and ASiBLS, respectively. The average Fr of 
ASiBLS is lower than BLS by 3.32%. Although continuous 
learning weakens the model's generalization between subjects, 
as indicated by the standard deviations of 7.24 and 7.04, ASi-
BLS shows better robustness to inter-individual variability 
than the traditional BLS. Evaluation results reveal that ASi-
BLS improves the stability of the BLS-based method.

Table 5   Comparison of 
ASiBLS and BLS/ EEGNet 8,2 
on the initial session of IV-2b

Subjects BLS EEGNet 8,2 ASiBLS

Acc. (%) Kc Acc. (%) Kc Acc. (%) Kc

B1 67.86 0.57 85.52 0.81 92.19 0.90
B2 54.98 0.40 63.13 0.51 72.77 0.64
B3 73.79 0.65 86.74 0.82 78.81 0.72
B4 75.38 0.67 86.75 0.82 91.36 0.88
B5 69.06 0.59 79.27 0.72 85.38 0.81
B6 70.86 0.61 82.16 0.76 89.42 0.86
B7 57.84 0.44 75.57 0.67 92.26 0.90
B8 59.96 0.47 68.91 0.59 79.06 0.72
B9 62.68 0.50 84.96 0.80 89.12 0.85
Avg. (%) 65.82 0.54 79.22 0.72 85.60 0.81
Std (%) 7.25 – 8.46 – 7.09 –
Training time (s) 379.08 534.29 710.55
Test time/trial (s) 0.21 × 10−3 0.84 × 10−3 1.06 × 10−3
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4.4.2 � Evaluation on IV‑2b

For the IV-2b dataset, the Fr of the updated ASiBLS on 
each incremental session for the initial session is first given 
in Fig. 8a. The Fr of BLS exhibits a substantial increase 
with the progressive addition of new sessions, while the 
trend of increasing Fr in ASiBLS is slower. The lower Fr 
means that ASiBLS has a strong memory for old knowledge. 
Figure 8b–d are the Fr for the 2nd, 3rd, and 4th sessions, 
respectively. Although the variation of Fr of BLS is becom-
ing slower when the newly incorporated sessions gradually 
decrease, it is still higher than ASiBLS. Comparison results 
prove that ASiBLS can alleviate the forgetting of old knowl-
edge, especially since the advantage is more noticeable for 
multiple sequential sessions.

4.5 � Impact of CTS

To explore the impact of the feature extractor on model per-
formance, we compare ASiBLS without CTS, with CTS, 
and EEGNet as the feature extractor on the initial session; 
comparison results are presented in Table 7. ASiBLS with-
out CTS, i.e., the filtered data is directly fed into BLS, shows 
the worst performance among the three feature extractor set-
tings, and the average Acc. is only 64.21%. Moreover, only a 
Std. of 7.22% and a Kc of 0.52 mean that the generalization 
and consistency of ASiBLS without a CTS setting are also 
poor. When EEGNet is used as the feature extractor, the 
number of temporal feature filters D1 is preferably set to 8 
rather than 4. A large number of temporal filters can improve 
the feature extraction ability of the feature extractor. When 
D1 and D2 are set to 8 and 2, respectively, ASiBLS with 
CTS achieves the best classification performance among 
all feature extractor configurations. Overview, CTS is the 
most applicable and efficient method for extracting the spa-
tial–temporal features from time-varying and multi-channel 
correlated MI-EEG.

4.6 � Impact of MIMC

To further evaluate the contribution of MIMC, the Acc. and 
Fr of ASiBLS with and without MIMC for the 1st session 
and 2nd session are compared in Fig. 9, respectively. ASi-
BLS with MIMC outperforms ASiBLS without MIMC in 
terms of higher accuracy and slower forgetting for previous 
sessions. MIMC helps improve ASiBLS' continuous learn-
ing ability.

Furthermore, the two-dimensional probability distribu-
tions of the temporal–spatial features are visualized using 
t-distributed stochastic neighbor embedding (t-SNE), a 
common method for high-dimensional data visualization. 

Fig. 6   Comparison of the accuracies of static and dynamic BLS, 
EEGNet 8,2, and ASiBLS on the 2nd session of IV-2a, where the 
static model shows that it performed training and inference indepen-

dently on the 2nd session, and the dynamic model means it is trained 
on the 1st session and then updated and tested on the 2nd session

Fig. 7   Comparison of the average accuracies of static and dynamic 
ASiBLS on the multiple incremental sessions of IV-2b
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The temporal–spatial feature distributions for subjects A1 
and A6, who have the highest and lowest average accuracy, 
respectively, are shown in Fig. 10. CTS with MIMC dem-
onstrates a greater overlap in feature distributions between 
the 2nd session and the initial session for both subjects. 
In contrast, the features extracted by CTS without MIMC 
are more dispersed. MIMC makes vital contributions to 
improving similarity in the probability distribution of 
features.

In addition, in Fig. 11, the number of node groups in 
feature mapping and enhancement layers is compared 
between ASiBLS with and without MIMC. It is shown 
that ASiBLS with MIMC requires fewer incremental 
nodes than ASiBLS without MIMC. This reduction in 
additional nodes indicates an enhancement in continu-
ous learning ability and a decrease in computational 
complexity.

4.7 � Comparison with the related methods

To evaluate the incremental learning abilities of ASiBLS, its 
average results across all continuous sessions are compared 
with several related methods. Comparison results on IV-2a 
and IV-2b are presented in Tables 8 and 9, respectively.

4.7.1 � Comparison on IV‑2a

In Table 8, the basic deep and broad networks BLS [22] and 
EEGNet 8,2 [16] achieve recognition accuracies of only 63.7 
and 72.89%, respectively. MN-BLS [60], a BLS-based MI 
classification method, reaches only 63.15%. Cross-session 
transfer learning strategies noticeably boost the ability of 
DA-EEGNet [32] and GSAN [61] to decode MI tasks. Fea-
ture optimization method TWSB [33] and an improved 1D 
convolutional neural network EEG-FMCNN [34] are helpful 

Table 6   Comparison of the test 
accuracies (%) and forgetting 
rates (%) of BLS and ASiBLS 
for the initial session of IV-2a, 
where “Static Acc.” is the test 
accuracy obtained after the 
model is independently trained 
on the initial session

Subjects BLS ASiBLS

Static Acc Dynamic Acc Fr Static Acc Dynamic Acc Fr

A1 73.78 71.35 3.30 83.47 82.91 0.67
A2 56.07 53.69 4.25 68.73 66.33 3.49
A3 69.12 67.21 2.77 86.29 85.85 0.51
A4 68.16 64.99 4.65 75.30 74.28 1.35
A5 63.09 59.36 5.91 79.73 77.93 2.25
A6 72.40 68.36 5.59 70.64 67.98 3.77
A7 54.07 51.11 5.47 81.29 81.04 0.30
A8 63.94 59.87 6.36 83.18 82.37 0.97
A9 57.26 54.04 5.62 84.85 83.67 1.39
Avg 64.21 61.11 4.88 79.28 78.04 1.56
Std 7.22 7.24 1.23 6.31 7.04 1.27

(a) (b) (c) (d)

Fig. 8   Comparison of the average forgetting rates of BLS and ASiBLS for each previous session of IV-2b, where the x-axis represents the model 
being updated by the current session, and (a), (b), (c), and (d) show the forgetting rates for the 1st, 2nd, 3rd, and 4th sessions, respectively

Table 7   Impact of CTS on the model performance, where D1 and D2 
represent the number of temporal and spatial feature filters, respec-
tively

Note: The black font is the best result

Feature extractor 
configurations

D1 D2 Acc. (%) Std. (%) Kc

w/o CTS – – 64.21 7.22 0.52
EEGNet 4 2 72.96 9.71 0.66

8 2 73.61 9.38 0.65
w/ CTS 4 2 74.37 7.28 0.64

8 2 79.28 6.31 0.72
16 10 78.42 6.95 0.72
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for MI-EEG classification, but they still cannot satisfy the 
requirements of continuous decoding. M-FANet [35], IFB-
CLNet [21], and TCN [53] combine the temporal and spatial 
properties of MI-EEG to achieve the accuracies of 79.28%, 
78.79%, 79.26%, and 72.89%, respectively. ASiBLS obtains 
an average accuracy of 79.89% which is better than the 
related methods, especially for the BLS-based methods, a 
16.19% improvement in accuracy over BLS. ASiBLS exhib-
its significantly superior inter-subject adaptability compared 
to other methods, except for BLS, as evidenced by the com-
parison of standard deviations. The higher Acc. and lower 
Std. of our method indicate an enhanced ability to accurately 
recognize MI tasks with incremental sessions, coupled with 
robust performance across different subjects.

4.7.2 � Comparison on IV‑2b

ASiBLS is further compared with several related methods 
on IV-2b, and the comparison results are shown in Table 9. 
SCW-CNN [62] introduced the Shannon complex wavelet 

Fig. 9   Comparison of the test accuracies of ASiBLS with and with-
out MIMC on the 2nd session of IV-2a (on the primary y-axis), and 
the forgetting rates for the 1st session (on the secondary y-axis)

Fig. 10   Visualization of the 
probability distributions of the 
temporal–spatial features for 
A1 and A6 on the 2nd session, 
where (a) ASiBLS without 
MIMC for A1, (b) ASiBLS 
with MIMC for A1, (c) ASiBLS 
without MIMC for A6, and (d) 
ASiBLS with MIMC for A6
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to calculate the time–frequency matrix and then input it 
into CNN; the average classification Acc. is 85.2%. Based 
on the temporal–spatial domain features, MBGA-Net [2], 
MSHCNN [15], RGDDANet [54], and TCN [53] achieve 
accuracies of 86.99%, 85.25%, 85.19%, and 85.9%, respec-
tively. MI-DABAN [63], a high-performance domain adver-
sarial network designed, is proposed to reduce inter-subject 
variation and enhance classification accuracy in MI-EEG, 
achieving an average Acc. of 84.83%. Additionally, despite 
ASiBLS having a Std. of 7.24% and being surpassed by 
MBGA-Net, which does not support cross-session learn-
ing, our work still significantly outperforms other methods.

5 � Discussion

5.1 � Recognition performance

A high-performance decoding model is considered to have 
excellent recognition capabilities for MI tasks. ASiBLS’s 

Fig. 11   Comparison of the number of node groups in the feature 
mapping and enhancement layers of ASiBLS with and without 
MIMC

Table 8   Comparison of ASiBLS with the related methods on IV-2a

Subjects BLS EEGNet 8,2 MN-BLS DA-EEGNet GSAN TWSB EEG-FMCNN M-FANet IFBCLNet TCN ASiBLS

A1 73.86 80.62 75.94 88.54 87.60 89.3 82.29 86.81 87.18 83.19 85.17
A2 56.07 63.69 41.67 69.09 59.76 66.9 53.47 75 58.65 69.97 75.83
A3 66.88 82.76 73.54 97.22 90.87 89.3 93.06 91.67 92.67 93.44 86.71
A4 68.26 68.36 59.72 72.20 80.38 69.3 72.22 73.61 78.07 70.97 73.71
A5 58.83 66.94 39.86 57.98 57.71 74.1 79.17 76.39 70.65 79.31 79.20
A6 59.60 61.72 43.02 59.72 51.04 60.1 71.18 61.46 60.46 67.28 68.78
A7 65.10 78.03 72.12 93.06 92.01 89.4 87.85 85.76 92.41 81.22 82.91
A8 64.15 75.52 81.98 86.80 87.08 88 83.68 75.69 82.28 84.66 83.20
A9 60.56 78.39 80.49 90.27 87.92 85.6 86.46 87.15 86.74 83.33 83.46
Avg 63.70 72.89 63.15 79.43 77.15 79.11 78.82 79.28 78.79 79.26 79.89
Std 5.53 7.79 17.42 14.85 16.22 11.55 11.85 9.38 12.91 8.40 6.58
Year 2018 2018 2019 2023 2024 2024 2024 2024 2024 2024 2024

Table 9   Comparison ASIBLS 
with the related methods on 
IV-2b

Subjects SCW-CNN MBGA-Net MI-DABAN MSHCNN TWSB RGDDANet TCN ASiBLS

B1 78.1 85.41 84.03 86.8 80.3 81.35 – 93.27
B2 64.3 79.55 64.43 77.94 70.7 61.07 – 72.54
B3 64.7 88.63 62.5 65.97 64.8 81.15 – 87.05
B4 97.2 91.75 98.61 97.97 95.3 97.5 – 92.78
B5 97.8 87.59 94.44 93.24 89.2 93.44 – 84.86
B6 93.1 83.96 88.19 88.88 87.4 90.94 – 90.75
B7 85.9 96.74 86.81 86.8 90.1 80.31 – 93.19
B8 92.5 94.37 94.79 82.89 89.5 89.79 – 79.08
B9 92.8 75.13 90.63 86.8 90.9 91.15 – 91.21
Avg. (%) 85.2 86.99 86.83 85.25 83.10 85.19 85.90 87.19
Std. (%) 13.15 6.52 12.97 9.20 10.25 10.87 – 7.24
Year 2022 2023 2023 2023 2024 2024 2024 2024
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classification accuracy for the initial session MI-EEG has 
been validated on IV-2a and IV-2b. The recognition perfor-
mance of classical BLS [22], EEGNet 8,2 [16], and ASiBLS 
are first compared in Tables 4 and 5. Student's t-test (p-value) 
is introduced to compare the superiority of our method. The 
average recognition accuracies of classical BLS and EEGNet 
8,2 are lower than ASiBLS by 15.07% (p < 0.01) and 5.67% 
(p < 0.05) on IV-2a and by 19.78% (p < 0.01) and 6.38% 
(p < 0.05) on IV-2b, respectively. Our method significantly 
outperforms the related methods. The improved recognition 
accuracies support the reliability of our method and highlight 
its greater application potential. Moreover, the comparison 
results of Cohen’s Kappa coefficients further validate the 
reliability of method. The standard deviations of BLS and 
EEGNet 8,2 are higher than ASiBLS by 0.91% and 3.07% on 
IV-2a and by 0.16% and 1.37% on IV-2b, respectively. The 
higher standard deviations suggest that the model is unsta-
ble for individuals with marked physiological differences; 
in other words, its generalization ability needs to be further 
promoted. In our work, the designed CTS, which serves as 
a feature extractor, sequentially captures the local tempo-
ral and spatial features of inputs, where the spatial features 
involve both dimensions in the EEG channel and the feature 
map channel. Unlike EEGNet, the novel CTS uses Conv2D 
instead of the separable convolutions; the spatial informa-
tion can be learned from two dimensions simultaneously on 
spatial feature representation and achieves better recogni-
tion accuracy than EEGNet 8,2, as shown in Fig. 6. More 
importantly, the combined BLS further maps temporal and 
spatial features linearly and non-linearly from a global per-
spective, i.e., analyzing all input features in parallel. When 
the signals are directly inputted into BLS, only an Acc. ± Std. 
of 64.21% ± 7.22% proves that its flat structure cannot char-
acterize temporal and spatial properties in detail for high-
dimensional MI-EEG. Combining CTS and BLS, which 
integrates the advantages of deep and broad learning, signifi-
cantly improves the recognition ability of existing methods 
for high-dimensional, time-varying MI-EEG. It is noteworthy 
that the reliability of the incremental learning methods on the 
initial session (or pre-training phase) is crucial for accurately 
inferring sequential incremental tasks.

5.2 � Continuous learning and self‑updating 
capability

ASiBLS demonstrates superb plasticity in adapting to 
sequentially incorporated MI-EEG with the session 
through dynamic structural remodeling and parameter 
updating. Figures 6 and 7 suggest the comparison results 
for the continuous learning capabilities of BLS, EEGNet 
8,2, and ASiBLS by introducing static and dynamic train-
ing mechanisms. As shown by the average Acc. in Fig. 6, 
the dynamic BLS and ASiBLS outperform the static BLS 

and ASiBLS by 0.62% and 2.14%, respectively, and the 
static and dynamic EEGNet 8,2 are generally equal. Tra-
ditional EEGNet lacks incremental learning ability, so it 
needs to be retrained on each new session. Although BLS 
provides dynamic updating and broad expansion strate-
gies for continuous learning, the flat structure is still a key 
limitation for learning new knowledge, resulting in the 
dynamic BLS showing a weaker Acc. improvement than 
the static BLS. Furthermore, for MI-EEG from multiple 
sessions of IV-2b, the dynamic ASiBLS outperforms the 
static ASiBLS for all sessions, and our work inherits the 
learning experience from previous sessions to improve the 
generalization of new knowledge.

According to the mutual information theory and incre-
mental BLS, we first introduce MIMC into CTS to obtain 
iCTS, and then combine it with iBLS. Specifically, MIMC 
is constructed in Eq. (11), which is intended to maximize the 
probability distribution similarity of feature representations 
between adjacent sessions. This reasoning further is con-
firmed by the visualization of the feature space distribution 
in Fig. 10. Additionally, MIMC motivates iCTS to converge 
on new sessions without performing a thorough parameter 
update or adding exponentially more parameters. Figure 11 
illustrates a comparison of the number of node groups 
in ASiBLS with and without MIMC. The model without 
MIMC requires significantly more additional nodes, which 
directly translates to higher computational costs. However, 
more parameters do not contribute to the recognition Acc., 
as shown in Fig. 9, and the average Acc. of ASiBLS with-
out MIMC is 2.14% lower than it with MIMC. Adding the 
new session data, which has a similar feature distribution 
as the old session MI-EEG, is equivalent to increasing the 
data size, thus the generalization of ASiBLS is improved. 
Consequently, MIMC is essential for facilitating continu-
ous learning of ASiBLS and iBLS possesses a self-updating 
mechanism so that the performance of ASiBLS in learning 
new session EEG is guaranteed.

5.3 � Memory retention in continuous learning

The human brain retains previously acquired knowledge 
even after learning new information, and an ideal neural 
network should exhibit similar behavior, effectively prevent-
ing catastrophic forgetting of prior knowledge. Table 6 and 
Fig. 8 summarize the accuracies of BLS and ASiBLS under 
dynamic and static training mechanisms, respectively, and 
their forgetting rates. The average Fr of BLS is 4.88%, while 
that of ASiBLS is just 1.56%. Although BLS has continuous 
learning capabilities, new parameters added compromise its 
ability to retain and adapt to prior knowledge. The mutual 
information theory is introduced into the loss function of 
CST as an MIMC term, constraining the parameter updates 
of CTS across sessions. Figure 9 compares the forgetting 
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rates of ASiBLS with and without MIMC for the initial ses-
sion; the average Fr of the model with MIMC is 20% lower 
than without MIMC. More similar feature probability dis-
tributions mean that model parameters need only minimal 
revisions, so mitigating the forgetting of old knowledge by 
CTS updates.

5.4 � Superiority to related methods

The decoding performance of ASiBLS with related meth-
ods is compared in Tables 8 and 9. For the IV-2a dataset, 
ASiBLS significantly outperforms BLS, EEGNet, MN-
BLS [60], and GSAN [61] regarding recognition accura-
cies (p < 0.05). Although there are no significant differences 
between ASiBLS and DA-EEGNet [32] (p < 0.05), the aver-
age Std. of ASiBLS is 8.27% lower than it. Compared to 
the advanced TWSB, EEG-FMCNN [34], M-FANet [35], 
IFBCLNet [21], and TCN [53], our work also improves the 
recognition accuracies by 0.78%, 1.07%, 0.61%, 1.1%, and 
0.63%, respectively, and the standard deviations also have 
significant benefits. Similarly, the decoding performance of 
ASiBLS is also evaluated on the IV-2b dataset, as shown in 
Table 5. Compared to the benchmark BLS and EEGNet 8,2, 
ASiBLS improves the average accuracies by 19.78% and 
6.38%, respectively, and reduces the standard deviations by 
0.16% and 1.37%, respectively. The decoding performance 
of ASiBLS is significantly superior to the benchmark meth-
ods (p < 0.05). Furthermore, Table 9 gives a comparison 
of our method with advanced related methods. Although 
the significance distribution of ASiBLS for SCW-CNN 
[62], MSHCNN [15], TWSB [33], and TCN [53], which 
are deep learning methods based on temporal–spatial fea-
ture extraction, is 0.1 < p < 0.4, the average accuracies are 
improved by 1.99%, 0.7%, 1.94%, 4.09%, and 1.29%, respec-
tively. For the transfer learning methods across sessions, the 
accuracies of ASiBLS are 0.2%, 0.36%, and 2% better than 
MBGA-Net [2], MI-DABAN [63], and RGDDANet [54]. 
The boosted recognition accuracies imply that our work has 
a better decoding capability than related methods, which is 
crucial. Meanwhile, the improvement in standard deviations 
shows that ASiBLS also can be robust to inter-individual 
differences.

5.5 � Limitations and future work

In our study, all evaluation experiments are subject inde-
pendent. Although the generalization of ASiBLS has been 
demonstrated by subject-independent experimental results, 
higher computational costs are inevitable as the model is 
retrained for each subject. Our work achieves a substantial 
improvement on IV-2b, covering multiple sessions, but it 
only investigates the binary MI task. For the IV-2a dataset 

with multiple multi-category MI tasks, the decoding capabil-
ity of ASiBLS needs to be further improved.

In the future, we will optimize the BLS-based incremental 
learning method by introducing more feature optimization 
technologies instead of SAE, such as sparse Bayesian learn-
ing and feature selection masking. Moreover, the proposed 
method should not just be limited to session-incremental 
learning scenarios in MI-BCI; a generalized task- or subject-
incremental learning approach in different EEG-based stud-
ies is our goal to pursue soon. Meanwhile, we will further 
pursue the computational speed of the decoding model to 
advance its online learning ability and advance the value of 
BCI technology in clinical rehabilitation applications.

6 � Conclusion

In this paper, we propose an adaptive ASiBLS method based 
on mutual information constraints and temporal–spatial con-
volutions to recognize incremental MI-EEG across sessions. 
Inspired by the compact EEGNet, we design a novel com-
pact temporal–spatial convolutional block (CTS), consisting 
of a temporal convolution block and a spatial convolution 
block, to effectively extract the temporal and spatial features 
of high-dimensional MI-EEG. The spatial convolution block 
uniquely combines depthwise Conv2D with Conv2D to cap-
ture both EEG channel and filter channel characteristics. The 
introduced baseline BLS (bBLS) efficiently classifies MI 
tasks in the initial session and serves as the foundation model. 
For incremental MI-EEG across sessions, mutual information 
maximization constraints (MIMC) are incorporated into the 
loss function of CTS, forming iCTS, which reduces the com-
putational complexity of the incremental BLS (iBLS) while 
enhancing the plasticity and stability of ASiBLS. The supe-
rior performance of ASiBLS is validated using the public 
BCI Competition IV-2a and IV-2b datasets. In future work, 
we aim to further develop incremental learning methods to 
better meet the real-world needs of neuro-rehabilitation and 
contribute to broader clinical applications of BCI..
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