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Abstract 

In recent years, EEG-based emotion recognition has emerged 
as a research hotspot in affective computing, yet mainstream 
deep learning approaches demand considerable time and 
substantial computational resources. To address these 
challenges, this paper proposes the HTK-BLS model, which 
accelerates both training and testing while maintaining 
competitive accuracy and reducing resource consumption. First, 
high-order singular value decomposition (SVD) is employed to 
enhance the network’s capacity to capture tensor-level 
information from EEG frequency domain features. To further 
improve BLS’s feature extraction capabilities, a novel stacked 
architecture employing approximate kernel functions is 
introduced with an optimized objective function to eliminate 
redundant nodes. In addition, weight-matrix computations are 
refined through truncated SVD, improving the robustness of 
the network. Experimental results on the DEAP dataset 
demonstrate that HTK-BLS achieves competitive recognition 
accuracy while enabling efficient training without 
backpropagation.  

Keywords: Broad learning system; Electroencephalography; 
Emotion recognition; Network structure; Computational 
efficiency 

Introduction 

Emotion recognition is the process of identifying and 

classifying an individual's emotional state based on 

physiological or behavioral signals (Pan & Bai, 2024). 

Electroencephalography (EEG) has demonstrated broad 

application potential in neural signal analysis, and its value is 

increasingly evident in emotion recognition research (Spyrou 

et al., 2016; Liu et al., 2021). Deep learning has become the 

most successful approach in EEG-based emotion recognition 

(Wei et al., 2020); however, its frequently complex network 

architectures require extensive iterative training, resulting in 

long training times and high resource consumption (Cheng et 

al., 2022). In scenarios requiring rapid processing and timely 

feedback, such as health monitoring and human–computer 

interaction, systems should support efficient incremental 

learning with minimal delay (Gao et al., 2021; Kavoosi et al., 

2022).  

The Broad Learning System (BLS) features a simple 

architecture that effectively addresses the challenges faced by 

deep learning (Chen & Liu, 2018). The basic architecture of 

the BLS is shown in Figure 1. Recent studies have shown  

Figure 1: Basic Broad Learning System network structure. 

 

that BLS has demonstrated strong potential in rapid EEG-

based emotion recognition tasks. For example, Issa et al. 

(2021) proposed extracting grayscale image features from 

single-channel EEG data via continuous wavelet transform 

and then applying BLS for emotion classification; Zhong et 

al. (2024) introduced a BLS enhancement inspired by gated 

recurrent units, that employs EEG differential entropy 

features for emotion recognition. 

However, BLS still faces several challenges (Li et al., 

2022). First, like many machine learning algorithms, BLS 

was originally designed for vectorized data and relies on 

randomly generated, fixed hidden layer parameters (Li, Wang, 

& Liu, 2023). Nonetheless, EEG frequency domain features 

typically include information across multiple frequency 

bands for each channel and are commonly represented as 

tensors, making it difficult for BLS to capture the inherent 

relationships among EEG channels and frequency bands 

(Zhang, Fan, & Xu, 2015). This issue has been observed both 

in other application domains and with alternative algorithms. 

Pan et al. (2024) employed uncorrelated multilinear principal 

component analysis to transform tensor-form EEG time and 

frequency features into vectors for classification by an 

extreme learning machine. Zhang et al. (2019) developed an 

enhanced ELM that applies Tucker decomposition to tensor-

level inputs to refine input representations, while 

incorporating inner-product optimizations into its network 

structure. 
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Figure 2: HTK-BLS (High-order Tensor Kernel Broad Learning System) network structure. 

 

Secondly, the hidden layer of BLS still inadequately 

extracts features. One reason is that although a single hidden 

layer can theoretically approximate any function, its finite 

number of nodes limits nonlinear representation in practical 

applications (Liu et al., 2019). Another reason is that the 

hidden-layer parameters are generated by random mappings, 

so not all nodes are effective, leading to redundancy (Chu et 

al., 2020). Some researchers have addressed these limitations 

by stacking the original hidden layer or integrating kernel 

functions into BLS (Ding et al., 2021), and some by 

optimizing the objective function with Lasso or elastic-net to 

prune redundant nodes (Chu et al., 2024; Zhao et al., 2023). 

Moreover, random mapping can leave the weight matrix 

connecting the hidden and output layers ill-conditioned, 

undermining robustness and overall performance (Wang et 

al., 2015). 

To address these issues based on prior work, this paper 

proposes a new framework for EEG emotion recognition, 

called HTK-BLS. First, a high-order singular value (HOSVD) 

integrated with the discriminant power index (DPI) generates 

tensor decomposition nodes, modeling the inherent 

relationships among EEG channels and frequency bands. 

Second, to optimize the network structure, the L2,1 norm is 

employed to eliminate redundant node groups, and a 

smoothing regularizer is incorporated to enhance robustness 

and reduce overfitting. In addition, we use random Fourier 

features to approximate the kernel function and further map 

the pruned hidden layer, forming kernel nodes that enhance 

BLS’s feature extraction capability. Moreover, truncated 

SVD optimizes the pseudo-inverse computation of the BLS 

weight matrix, addressing numerical instability and 

improving accuracy, thus yielding a fast BLS-based EEG 

emotion recognition model. 

(1) An efficient emotion recognition model requiring no 

backpropagation is proposed. 

(2) HOSVD is employed to construct tensor 

decomposition nodes, thereby addressing BLS’s 

limitation in capturing tensor-level information. 

(3) Both redundant nodes removal and approximate 

kernel mapping are employed to develop a new, 

more compact, and more efficient BLS architecture. 

The rest of this paper is organized as follows. Section II 

presents the HTK-BLS framework and its algorithmic details. 

Section III describes the experimental datasets and reports the 

results. Finally, Section IV offers concluding remarks. 

The Proposed Method  

HTK-BLS Framework 

The HTK-BLS framework (Figure 2) first generates tensor-

decomposition nodes through HOSVD and DPI integration. 

These nodes are then mapped into the BLS’s hidden layer, 

where redundant nodes are pruned by optimizing the 

objective function, while hierarchical stacking of hidden 

layers is implemented via an approximate kernel mapping. 

Finally, truncated SVD optimizes the BLS weight matrix 

computation. 

Broad Learning System 

BLS was proposed by Chen and Liu in 2018. Assuming the 

training dataset is {X∈RP×M} and {Y∈RP×N}, where P denotes 

the number of training samples, and M and N denote the 

dimensions of the input and output data, respectively. 

Initially, BLS maps the input matrix X to n sets of feature 

nodes. The ith group of feature nodes is defined as follows: 

( )
i ei ei

Z XW = +                           (1)
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where Wei is a randomly generated weight matrix and βei is a 

randomly generated bias vector (i = 1,…,n), and the function 

ϕ denotes a mapping operation. All feature nodes are 

collected as Zn=[Z1,…,Zn]. Assume there are m groups of 

enhancement nodes defined as follows: 

( )n

j hj hj
H Z W = +                        (2) 

where Whj is a randomly generated weight matrix and βhj is a 

randomly generated bias vector (j=1,...,m). ξ represents a 

nonlinear activation function. All enhancement nodes are 

represented as Hm=[H1,...,Hm]. 

The hidden layer A of the network is formed by 

concatenating the feature nodes and the enhancement nodes 

as A=[Zn|Hm]. The output of the BLS is given by Y=AW, 

where W is the output weight matrix, defined as follows: 
2 2

2 2
arg min || || || || .

w

Y AW W− +               (3) 

Using the pseudo-inverse, W can be obtained from (4), 

which represents the computation to a classical convex 

optimization problem: 
1

( )
T T

W I AA A Y
−

= +                      (4) 

where λ represents the regularization parameter and I is the 

unit matrix. 

Tensor Decomposition Nodes Creation 

For a given matrix, SVD factorizes it into the product of two 

orthogonal matrices, and a diagonal matrix. 

HOSVD was applied to the tensor, involving mode 

unfolding and SVD for each dimension (channel and 

frequency-band), by projecting the EEG spectral features 

onto a reduced set of principal components, we achieve a 

fused representation that preserves the intrinsic relationships 

both between channels and across frequency bands. For a 

three-dimensional sample tensor 𝑋 of size (samples × 

channels × frequency bands), we first perform mode 

unfolding and then apply a standard SVD to each of the 

resulting unfolded matrices: 
(1) (1) (1) (2) (2) (2) (3) (3) (3)

(1) (2) (3)

T T T
X U V X U V X U V=  =  = ， ，  (5) 

where each U(i) is an orthogonal matrix. Since this study does 

not perform fusion along the sample mode, we set U(1) to the 

identity matrix. The core tensor of the EEG features 𝑆 is 

defined as follows: 

( ) ( ) ( )(1) (

3

2) (3)

1 2
.

T T T

X U U U=            (6) 

Each element of   represents an EEG feature that 

integrates relationships among channels and frequency bands. 

Although the core tensor of EEG features obtained via 

HOSVD captures multilinear interactions, it may still contain 

redundant components and, being an unsupervised method, 

does not account for class labels. To address this, we employ 

the DPI based on the Fisher score that selects features 

maximizing between-class separation and minimizing 

within-class variance. For binary classification, the DPI for 

feature i is defined as follows: 

2 2 2

0, 1, 0, 1,( ) /
i i i i iDPI    = − + +           (7) 

where the labels 0 and 1 denote the two classes, μ denotes the 

mean, σ denotes the variance, and ϵ is a very small constant. 

A higher DPI value indicates greater discriminative power of 

the corresponding feature. Features with low DPI values are 

removed, and the remaining features constitute the tensor-

decomposition nodes 𝑈td. Subsequently, 𝑈td is used as input 

and mapped to produce the feature nodes and enhancement 

nodes, thereby obtaining the hidden layer A and the initial 

weight matrix W. 

BLS with Optimized Objective Function 

The L2,1 norm encourages row-wise sparsity, pruning 

redundant node groups and producing a compact, 

discriminative hidden layer. To mitigate overfitting caused 

by random weight variability, we add a smoothness 

regularizer, compute the correlations among node groups to 

preserve or prune similar nodes in groups, smooth the output 

weights, thereby enhancing generalization. The optimized 

BLS objective function is reformulated as follows: 
2 2

2,2 2 1
arg min ( )

w

Y AW DW W− + +‖ ‖ ‖ ‖ ‖ ‖       (8) 

where D is a first-order difference matrix. We apply the Fast 

Iterative Shrinkage-Thresholding Algorithm (FISTA) to 

solve (9), first decomposing the objective function into its 

smooth and non-smooth components, as follows: 


2 2

2,1

( )(

2 2

)

arg min{ }
w

g Wf W

Y AW DW W − + +

‖ ‖ ‖ ‖ ‖ ‖

   (9) 

where λ denotes the regularization parameter. For the 

differentiable component of the objective function, its 

gradient is computed as follows: 

( ) 2 ( ) 2 ( ).
T T

f W A AW Y D DW = − +        (10) 

The non-smooth term is the L2,1-norm, whose proximal 

operator can be computed by processing the matrix row-wise 

as follows: 

( )/ 2
[ ( )] max 1 ,0/

ig L i i
prox W W wL


= − ‖ ‖    (11) 

where L=λmax(ATA) denotes the Lipschitz constant, 

i=1……M, wi denotes the i-th row of W. To solve the 

optimized objective function using FISTA, we begin by 

randomly initializing the network weight matrix W and then 

perform iterative updates. During the iterative process, we 

first execute the algorithm’s acceleration step as follows: 
( ) ( ) ( ) ( 1)

1
1( / ,)k k k k

k k
Z W W Wt t

−

−
= + −−    (12) 

1 0

2
, 1.1 1 4 / 2

k k
t tt

+
= =+ +            (13) 

Next, we perform the gradient‐descent update followed by 

the proximal mapping using the group‐sparse proximal 

operator as follows: 

( ) ( )
/ ,( )

~
k k

W f Z LZ= −                   (14) 
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=
+


W prox W

k
~

g L
( ).1

/

( )                    (15) 

Formula (12) - (15) are iteratively applied until the change 

in the weight matrix between successive updates falls below 

the predefined threshold, or the maximum number of 

iterations is reached, yielding the optimized BLS weight 

matrix W. After obtaining the updated weight matrix W, the 

weights corresponding to each node group are ranked, and 

those with the smallest values are deemed redundant. By 

removing these redundant nodes from A, the pruned hidden 

layer A’ is obtained. 

Stacked Structure Utilizing Approximate Kernel 

Functions and Truncated SVD 

According to Bochner’s theorem, if the kernel function 𝑘(x−y) 

is continuous and positive definite, the Fourier transform 𝑝(𝜔) 

constitutes a valid probability density function. A sample 𝜔 

can then be drawn from 𝑝(𝜔) at random. The kernel function 

k(x, y) can be approximated as follows: 

( , ) ( , ) ( , )][k x y x y

   = TT ,              (16) 

=   x x x
TT T .( , ) (cos( ), sin( ))              (17) 

By means of (16) and (17), the kernel function can be 

approximated by drawing 𝐿 independent and identically 

distributed samples from the distribution 𝑝(𝜔) and computing 

their empirical mean. The kernel nodes Nf in BLS are defined 

as follows: 

,
 
 
 



 

 

=

f x

N

f x

n N

f

n

( )

( )
1

                              (18) 

=     Lz x x x x xT T
L

T
L

T( )( ) 1/ cos( ), ,cos( ),sin( ), ,sin( )1 1 (19) 

where the weights 𝜔 are obtained from the given 

probability density 𝑝(𝜔). By substituting the new hidden 

layer A’ into (19) for x, the kernel nodes Nf  are derived. The 

original BLS hidden layer A with redundant nodes removed, 

is concatenated with the kernel node group to form the final 

BLS hidden layer B, B=[A′|Nf]. The stacked BLS architecture 

designed in this study is illustrated in Figure 3. 

 For the final new hidden-layer B, we first perform an SVD 

as follows: 

=   =   B U V
r

T
, diag( , , , ).

1 2
       (20) 

 

Figure 3: Architecture of the stacked Broad Learning System. 

 

Here, r denotes the rank of matrix B. Among these singular 

values, only the leading n are retained and each augmented 

with a regularization term λ, while all remaining singular 

values are set to zero: 





 
=

+  


 

n i r

i n
i

i

0, .

1 / , 1 ,
                   (21) 

From (20) and (21), the pseudo-inverse of the truncated 

singular value matrix can be expressed as follows: 

 =  
+

  
trunc n

diag( , , , ,0, ,0).
1 2

            (22) 

The final output weight matrix of the network, Wnew, is 

given as follows: 

= 
+

W V U Y
new trunc

T
.                         (23) 

By computing the HTK-BLS weight matrix via truncated 

SVD, the influence of small singular values can be effectively 

eliminated, thereby enhancing the model’s performance. 

 

 

 

Experimental Materials and Results

 

We used a 256-sample sliding window with a 32-

Dataset and Data Preprocessing

In this paper, we selected the DEAP dataset (Koelstra et al., 

2012). This dataset includes 32 participants. For the four 

dimensions—valence, arousal, dominance, and liking, each 

dimension is divided into high and low categories. 32 EEG 

channels were used for analysis. Each trial consists of a 63-

second signal, with the first 3 seconds designated as the 

baseline. The remaining EEG signals were downsampled to 

128 Hz and processed using a band-pass filter ranging from 

4 to 45 Hz.

sample step 

to segment the continuous EEG and applied a Fourier transform 

to each segment. For each channel, we then calculated the total 

amplitude within each of the five frequency bands as frequency-

domain features (Jiang et al., 2022). These bands were defined 

as follows. θ (4–8 Hz), α (8–13 Hz), low β (13–18 Hz), high β 

(18–30 Hz), and γ (30–45 Hz). 

In the experiments, the samples were divided into two classes 

using a threshold value of 5. Samples with scores lower than 5 

were labeled as low, whereas samples with scores greater than 

or equal to 5 were labeled as high. 

Parameter Setup 

Following prior studies (Jia et al., 2020), we set the 

regularization parameter λ to 2-16. During weight matrix 

computation, iterations are terminated when either the 

Frobenius norm of the difference between consecutive weight 

matrices drops below 10−2 or twenty iterations are completed. 

The 4% of nodes with the smallest absolute weights are then 

pruned as redundant. Finally, model performance is evaluated 

via ten-fold cross-validation.  

All experiments ran in JupyterLab 3.2.1 on an Intel Core 

i9-12900 CPU (8 GB RAM) and an NVIDIA GeForce RTX 

3070 Ti GPU (8 GB RAM). 
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Table 1: Classification accuracy results of HTK-BLS under 

different numbers of nodes. 

 

Feature 

nodes and 

groups 

Enhance-

ment 

nodes 

Kernel 

nodes 

Train 

time(s) 

Test 

time(s) 

Acc 

(%) 

10×10 1000 500 2.67 0.046 87.84

% 15×15 1500 750 8.86 0.080 92.77

% 20×20 2000 1000 12.28 0.101 93.98

% 25×25 2500 1250 30.11 0.192 94.07

% 30×30 3000 1500 78.12 0.303 94.10

%  

We first evaluated the model’s parameter settings. 

Drawing on existing literature (Chu et al., 2024), multiple 

models were constructed by varying the number of feature 

nodes. For each model, a discrete grid search was conducted  

to explore both the number of tensor decomposition nodes 

and the number of truncated singular values, thereby 

identifying the optimal parameter combination, and grid 

search used only the training folds. Results for each model 

under its optimal configuration were shown in Table I as the 

average performance across all four DEAP dimensions. 

Table I indicates that when the number of feature nodes 

reaches twenty, test accuracy plateaus while both training and 

testing times increase markedly. Therefore, we selected the 

third configuration for subsequent experiments. 

When selecting the number of tensor decomposition nodes, 

choosing too few may lead to the loss of useful information, 

while choosing too many may not only introduce features 

with little impact on the classification task or even cause 

adverse effects, but also increase the computational burden. 

Regarding the choice of truncated singular values, truncating 

too many values can result in the loss of valuable information, 

whereas truncating too few may render the weight matrix ill-

conditioned or numerically unstable, thereby reducing 

classification accuracy. Finally, Figures 4 and 5 present the 

classification accuracy curves when one parameter varies 

while the other is fixed at its optimal value. 

As shown in Figures 4 and 5, in the selected model, a 

discrete grid search identified the optimal performance when 

the number of tensor decomposition nodes was set to 120 and 

the number of truncated singular values to 200. 

Experimental Results 

To evaluate the model’s stability among different participants, 

we conducted comparative experiments between BLS and 

HTK-BLS on 32 participants from the DEAP dataset, using 

the average accuracy across its four dimensions; the results 

are presented in Figure 6. 

Figure 6 shows that HTK-BLS outperforms the original 

BLS across all subjects, with lower accuracy for subjects 2 

and 22 and higher accuracy for subjects 13, 16, 23, and 27. 

 

 

 

Figure 4: Relationship between number of tensor 

decomposition nodes and accuracy. 

 

 

Figure 5: Relationship between the number of Truncated 

Singular Values and accuracy. 

 

This pattern, consistent with previous work (Han, Zhang, & 

Yin, 2024), underscores significant inter-subject variability 

and confirms the model’s effectiveness in capturing subject-

specific information and the reliability of the results. 

To validate the effectiveness of HTK-BLS, we conducted 

ablation experiments on all four dimensions of the DEAP 

dataset. In HK-BLS, truncated SVD was omitted; in TK-BLS, 

tensor-decomposition nodes were replaced by flattening the 

input signal; and in HT-BLS, kernel nodes were excluded. 

The average experimental results across the four DEAP 

dimensions are presented in Table II. 

Table II shows that all three ablation variants outperformed 

the baseline, with HTK-BLS achieving the highest accuracy. 

The models with the optimized objective function 

significantly reduced the number of network nodes, and the 

node numbers reported in the table are averaged across 

multiple experimental runs. Although these enhanced models 

required slightly more training time and testing time than the 

baseline, the increases remained acceptable, and they 

achieved clear improvements in classification performance, 

striking a balanced trade-off between speed and accuracy. 
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Figure 6: Average accuracy of 32 participants on the DEAP 

dataset. 

 

Table 2: Ablation experimental results of HTK-BLS on the 

DEAP dataset. 

 

MODEL BLS 
HT- 

BLS 

HK-

BLS 

TK-

BLS 

HTK-

BLS 

Accuracy(%) 85.1 87.6 92.7 88.2 94.0 

number of nodes 3400 3400 3210.7 3204.1 3215.9 

train time(s) 7.21 9.94 11.97 10.12 12.28 

test time(s) 0.038 0.078 0.099 0.060 0.101 

 

Table 3: Comparative experimental results of HTK-BLS on 

the DEAP dataset. 

 

MODEL Valence Arousal 

CNN 87.96% 88.12% 

MLP 89.12% 89.97% 

ACRNN 

(Tao et al., 2023) 
93.72% 93.38% 

MS-TimesNet  

(Han et al., 2024) 
90.45% 91.31% 

ST-C shapes  

(Chu et al., 2023) 
93.25% 93.16% 

MLP-V2 
(Neverlien et al., 2023) 

91.19% 91.78% 

Ours 93.74% 93.97% 

 

We also compared HTK-BLS’s performance on the 

valence and arousal dimensions of the DEAP dataset with 

that of classical machine learning models and recent state-of-

the-art methods. For classical models, we selected Multilayer 

Perceptron (MLP) and Convolutional Neural Network 

(CNN). The MLP consists of four fully connected layers and 

two Dropout layers, while the CNN includes two 

convolutional layers, two pooling layers, one fully connected 

layer, and one Dropout layer. Both models were trained using 

Adam optimizer. The results are presented in Table III. 

In comparative experiments, HTK-BLS achieved 

classification accuracies of 93.74% for valence and 93.97% 

for arousal on the DEAP dataset. It outperformed traditional 

machine-learning algorithms while remaining competitive 

with recent deep-learning methods. Moreover, because HTK- 

 

Figure 7: Classification results of single frequency bands on 

the DEAP dataset. 

 

BLS does not require backpropagation, its training time is 

substantially reduced, greatly simplifying model 

development and enabling reliable, rapid EEG emotion 

recognition. 

We further conducted single-band classification to 

evaluate the contribution of each EEG band. Figure 7 shows 

the average accuracy across the four DEAP dimensions. High 

beta and gamma outperformed the other bands, and gamma 

achieved the highest accuracy, indicating that high-frequency 

EEG bands contain more emotion-related information. 

Conclusion 

In this paper, we proposed HTK-BLS, a novel BLS-based 

model designed for rapid EEG emotion recognition without 

relying on backpropagation. To enhance BLS’s ability to 

capture tensor-level EEG features, we constructed tensor 

decomposition nodes. The network structure was then 

optimized to remove redundant nodes, enhancing feature 

extraction. Moreover, a truncated SVD was employed to 

stabilize weight-matrix computation and enhance network 

robustness. Compared with current EEG emotion recognition 

methods, HTK-BLS offers a leaner structure and comparable 

accuracy without lengthy training. This efficiency supports 

fast EEG analysis and prompt system responses, especially in 

human–computer interaction, where swift emotional 

assessment is crucial. HTK-BLS therefore shows strong 

promise for broad deployment wherever quick, accurate 

EEG-based emotion recognition is needed. Our future work 

will further validate HTK-BLS under more diverse 

evaluation protocols and additional EEG emotion datasets. 
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