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ERP feature extraction and fusion method based on dynamic

weight assignment

Wang Fucai Mao Xiaogqian Fan Chunling
(College of Automation and Electronic Engineering, Qingdao University of Science and Technology, Qingdao 266061, China)

Abstract: In traditional event-related potential (ERP) research, due to the varying latencies and mechanisms of
different components, studies typically focus on specific features for signal extraction and analysis, which limits the
exploration of their interactions and hinders the understanding of the brain’s overall mechanism in processing visual
stimuli. To address this issue, this study selects P1, N170 and P3 as target ERP components and proposes a dynamic
weight assignment-based ERP feature extraction and fusion strategy. First, time-frequency domain processing is
applied to ensure consistency in dimensionality across feature segments. Next, the random forest algorithm was used to
evaluate the Gini importance of each component for each participant under different experimental paradigms, followed
by dynamic weight assignment to the feature segments, resulting in a multi-component fused feature. Finally,
convolutional neural networks are employed to classify the fused data, verifying the significant classification effect of
the fused features. Experimental results show that, for the Face Perception N170 and Active Visual Oddball P3
datasets, classification accuracies reached 96. 4% and 92.4% , respectively, with improvements of 11. 6% and 10.2%
over non-fused features. It improved by 8. 4% and 5. 3% compared to equal-weight fusion, and was more effective than
the fusion features with attention mechanism, proving that the weighted feature fusion method proposed in this paper
can enhance the relevant component signals and improve classification accuracy, providing new insights into the overall
process of visual stimulus processing in the human brain.
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Fig. 7 Waveform comparison under different stimuli in the Active Visual Oddball P3 experiment
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Table 2 Classification accuracy of each stimulus under different fusion methods for 40 participants in the

Face Perception N170 data (%)

. N B
BB I T s Sab3 Sabd Subs  Subs Subd40  FHy
T £L 93.8 91.2 87.5 90. 0 93.8 80.0 83.7 86. 4
KE 92.5 88.7 85.0 86. 2 95. 0 87.5 86. 2 87.1
R AlA [EARE 88.7 93. 8 95.0 96. 2 78.8 87.5 87.5 87.3
KRR 87.5 86. 2 81.2 87.5 90. 0 78.8 83.7 84.6
1y 90. 6 90. 0 87.2 90. 0 89. 4 83. 4 85.2 86. 4
(g 87.5 85.0 87.5 83.7 87.5 93.8 93.8 88. 4
KA 91. 2 81.2 90.0 93.8 88.7 78. 8 90. 0 87.6
LR G Tl L LAY 72.5 88.7 81.2 91.2 81.2 80.0 88.7 86. 5
IR 90.0 84.6 87.5 90. 0 83.7 87.5 81.2 90. 7
Sy 85.3 84.9 86.7 89. 7 85. 3 85.0 88. 4 88. 3
[ 97.5 100. 0 95.0 96. 2 91.2 87.5 90. 0 94. 7
Bl AE 25 ) KE 92.5 92. 5 90.0 96. 2 87.5 9(3. 0 96. 2 93.8
HL mALELES  100.0 95.0 87.5 97.5 93.8 95.0 97.5 94. 3
IR 87.5 85.0 90.0 91.2 96. 2 100. 0 93.8 92. 8
3 94. 4 93. 1 90. 6 95. 2 92. 1 93.1 93.8 93. 9
[ 100.0 100. 0 97.5 97.5 98.8 87.5 93.8 96. 4
" KA 100. 0 97.5 96. 2 98.8 100. 0 91. 2 90. 0 97.2
) T L L A 95.0 98.8  100.0 100. 0 91.2 96. 2 97.5 96. 1
AL 90. 0 93. 8 93.8 95.0 96. 8 91.2 93.8 95.7
-3 96. 3 97.5 96. 9 97. 8 96. 7 91.5 93.8 96. 4

£ 3 Active Visual Oddball P3 #{#EF 40 MEXAEMEAR TR EM O R EBE

Table 3 Classification accuracy of each stimulus under different fusion methods for 40 participants in the

Active Visual Oddball P3 data (%)
Qb H 7 5 L8 4 il
- Subl Sub 2 Sub 3 Sub 4 Sub 5 Sub 6 Sub 40 S
H b= Bk 85. 0 86. 2 85. 0 87.5 83.7 82.5 78.8 82.7
PN EAkr7H 87.5 85.0 88. 7 91.2 86. 2 81.2 80. 0 85. 3
Sy 86. 3 85. 6 86. 9 89. 4 85.0 81.9 79. 4 84. 0
Hbr =B 87.5 87.5 95.0 88.7 85.0 85.0 86. 2 86.3
Lfms AEHRTR 887 83.7 85.0 91.2 82.5 86. 2 91. 2 87.6
T4 88. 1 85. 6 90. 0 90. 0 83.8 85. 6 88. 7 87.5
o H 7 5 5 83.7 96. 3 95.0 91.2 93. 8 88. 7 88. 7 90. 6
BIAEREN . _
EHFFR 91.2 88.7 82.5 95.0 95.0 87.5 95.0 89. 3
ML - .
Sy 87.5 92.5 88. 8 93.1 94. 4 88. 1 91.9 90. 0
. H b= B 95. 0 91.2 97.5 97.5 90. 0 91. 2 86. 2 91. 2
SN E e -
e FEHRFR 93.8 96. 3 93.8 98. 8 88. 7 95.0 91. 2 93.6
(€N -R )
T 94. 4 93. 8 95. 7 98. 2 89. 4 93.1 88. 7 92. 4
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Fig. 8 Confusion matrix of different feature processing methods in the Face Perception N170 experiment
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Fig. 9 Accuracy comparison of different feature processing methods under two experimental paradigms
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