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EEG signal-driven visual image reconstruction model based on double

residual LSTM and DCGAN
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Abstract: In recent years, advances in computer vision have made it possible to reconstruct images
based on EEG information, which is of great significance in fields such as medical image recon-
struction and brain-computer interfaces. However, due to the complexity and temporal characteris-
tics of EEG signals, existing models face many challenges in feature extraction and image genera-
tion tasks. To this end, this paper proposes an EEG signal-driven visual image reconstruction model
based on double residual LSTM and DCGAN. The model introduces a long and short-term memory
network based on an attentional residual network and a Triplet loss function to enhance the quality

of EEG signal feature extraction. ARTLNet integrates residual network, long and short-term
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memory network and attention mechanism, which improves deep network training through residual
connection, long and short-term memory network captures time-series features, and attention mech-
anism enhances the focus on key features; it also combines batch normalization and global average
pooling to ensure stable signal delivery. In the image generation stage, the model introduces self-
designed Deep Convolution Generative Adversarial Networks (DCGAN) with feature fusion strat-
egy, which effectively improves the quality and diversity of the generated images. Experimental
results show that the improved ARTLNet achieves higher accuracy on both the Characters and Ob-
jects datasets with different classification and clustering algorithms, and the proposed model also
performs better in terms of image generation quality, especially in terms of image clarity and cate-
gory differentiation.

Keywords: deep learning; generative adversarial network; EEG signal decoding; self-attention; re-

sidual connectivity
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Fig. 7 t-SNE plots for each modeling approach
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Table 1 k-means, SVM and KNN accuracy scores for different models on the Characters and



Objects datasets

Characters % 4 4 Objects ¥ 5 4

Method
k-means SVM KNN k-means SVM KNN
EEGNetl®! 0.18 0.36 0.56 0.16 0.28 0.53
TSception!26] 0.48 0.56 0.68 0.52 0.58 0.67
ShallowConvNet[27] 0.66 0.73 0.78 0.71 0.76 0.81
EEGConformerf0l 0.62 0.74 0.87 0.69 0.76 0.86
LCMI28] 0.72 0.77 0.84 0.72 0.78 0.84
WaveNet[29] 0.71 0.75 0.84 0.64 0.71 0.78
EEG2Imagel30] 0.54 0.55 0.66 0.53 0.64 0.74
ARTLNet 0.75 0.79 0.85 0.76 0.79 0.86

B B s i AR T AC-GANIB2, C-Former[33], ThoughtViz[34, SPIE
work[351, NeuroGAN[, EEG2Imagel301i¢ 3¢ A 42 2 (1) J5 v AF R 5 e A RS )5 vk, 1
object ¥ #E 4 Lxt A i BB #E4T T 14l . AC-GAN #2 R F bR & 4 L GAN
A7 fA . C-Former i@ 3L % ']/ Transformer-encoder #H %} EEG {5 5 ¥ T 4w i,
W 43 B 1 e 4E R AE A O o5 I O\ g5 A RO 2% ok AR il H bR BIR . ThoughtViz il H
ZAE BT B2 (cGAN) #4941 EEG 15 5 1F N A I A4 i Al S i A% .
SPIE work 1 F & & 2t 4 2k DU T+ R 45 0 518 I8 JR 2R . NeuroGAN $2 H i
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B, WIS 4%, HAKA CDS Al FID 4» e ml, AT B AL 7E AR Rl 5
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Table 2 Comparison of generation performance of different methods on Objects dataset

5

Method IS FID CDS
AC-GAN(one-hot)32] 3.10 / /
AC-GANI32] 4.90 / /
C-Formerf33l 5.10 / 0.6501
ThoughtVizB4 5.43 / 0.7897
SPIE work[3] 5.70 / /
NeuroGANI!4] 6.02 / 0.4051
EEG2Imagel3°] 6.78 7.28 0.6022
Ours 6.98 6.25 0.5330

* 3 K KA Objects Fu 4 4 LA 7L FID 43 £ Al CDS 43 £t Le



Table 3 Comparison of FID scores and CDS scores for different methods on Objects dataset for each category

CDS FID
Class (ImageNet)

thoughtvis C-former EEG2Image Ours EEG2Image ours

Apple 0.8497 0.7213 0.6059 0.5560 2.63 2.17
Car 0.8391 0.5621 0.5991 0.5191 4.15 3.61
Dog 0.6965 0.6327 0.6142 0.6104 241 2.26
Gold 0.6561 0.5391 0.6269 0.6249 8.40 8.23

Mobile 0.8541 0.7252 0.6181 0.5674 13.31 11.76
Rose 0.8309 0.5843 0.6044 0.5900 4.84 421

Scooter 0.6309 0.5915 0.5426 0.3525 10.35 8.45

Tiger 0.9068 0.7594 0.5939 0.3987 5.16 4.28

Wallet 0.8153 0.7553 0.6011 0.5549 8.32 7.13

Watch 0.8215 0.6297 0.6160 0.5564 13.21 10.36

Mean 0.7897 0.6501 0.6022 0.5330 7.28 6.25

8 JE 7N T U A S U5 ik EE AT U5 3% 4E Objects % & b B & ) E 1%,
2 SR AE BT M R T TR AT ) 7 VA A B LAt — 28 R R 2 S A, AR P
e E D — s,

AL EE
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B8 UM 3= 77 vk 5 A 7 vk AR R AR B A5 R e T
Fig. 8 Comparison of the results of the generated images of the four mainstream methods and

our method
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Table 4 Comparison of Accuracy of Different Model Configurations on Characters and

Objects Datasets

Characters ¥ ¥ £ Objects ¥ i %

Method
k-means SVM KNN k-means SVM KNN
Unsupervised 0.16 0.23 0.44 0.15 0.20 0.38
SSL 0.51 0.62 0.71 0.53 0.64 0.74
SSL+AT 0.73 0.75 0.81 0.70 0.70 0.73
SSL+AT+RC 0.75 0.77 0.85 0.76 0.79 0.86

(a) HRESCIEFIDEXSEE (b) E@ESEIECDSH ¥t

ch
ul

K9 T W@%Mﬂﬁﬁ Objects @tﬂ%%iiﬁk SRR E%@w tt (a) FID; (b) CDS
Fig. 9 Comparison of mass fraction of images generated by different Model Configurations: (a) FID; (b) CDS
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