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EEG Signal-Driven Visual Image Reconstruction Model Based on Double Residual
LSTM and DCGAN

NI Zhewen, QUAN Haiyan

(School of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: Reconstructing visual images from electroencephalogram (EEG) signals has become an
emerging frontier in brain-computer interface (BCI) research, offering substantial potential in medical
image reconstruction, neural decoding, and cognitive state analysis. However, the inherently noisy, low-
amplitude, and highly temporal characteristics of EEG signals pose considerable challenges to robust
feature extraction and high-fidelity image synthesis. To address these limitations, this study aims to
establish an effective EEG-driven visual reconstruction framework capable of capturing fine-grained
temporal dynamics while ensuring semantic consistency in the generated images. The proposed model
integrates a double residual long short-term memory (LSTM) architecture with a self-designed deep
convolutional generative adversarial network (DCGAN). Specifically, an LSTM network based on
attention residual network and Triplet loss (ARTLNet) is constructed to improve EEG feature extraction
by combining residual learning, temporal modeling, and self-attention mechanisms. Batch normalization
and global average pooling are further employed to enhance signal stability and suppress feature
redundancy. In the reconstruction stage, a customized DCGAN incorporating feature fusion is adopted to
enrich semantic representation and improve image clarity and diversity. Experimental evaluations on both
Characters and Objects EEG datasets demonstrate that ARTLNet achieves consistently higher
classification and clustering accuracy across multiple algorithms compared with baseline LSTM and non-
residual architectures. The generated images exhibit clearer structural details and more distinguishable
category attributes, verifying the effectiveness of the proposed generative strategy. The results demonstrate
that the combination of residual enhanced temporal modeling and feature-fusion-based adversarial
generation can significantly improve EEG-driven visual reconstruction performance. This study confirms
the viability of exploiting advanced deep learning mechanisms to decode and visualize EEG information
with improved interpretability, providing methodological support for future BCI-based image
reconstruction and neural representation studies.

Highlights:

1. This paper introduces ARTLNet, an attention-enhanced double-residual LSTM architecture that

significantly strengthens EEG temporal feature extraction for downstream reconstruction tasks.

2. This paper develops a customized DCGAN with a feature fusion mechanism to improve semantic
consistency, image clarity, and category separability during EEG-driven visual generation.
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Fig.1 Framework of the proposed algorithm model

EEG EIM& A AT 55 1 Re 1 o

Az LA HE EEG F-AE 55 B LI P 7 ) 48 B2 L BFI IS i A 45, A BOXE R 9 EEG R 40 531 245 J0) 38
ST S B EEG FRAE 55 A G e 3 0 A B DE R R0 FUSEE o 2P B B, AR AR 4R R
I PG A AR AY 5 S50 6 S TR) 1 I8 B rho S AR A B R 2ol R 0 A sk bk i 5 B

BT SR EEG RRAE A9 A R0CPE |, REAE 3 3R BE A9 S B T o 28 AR 2 SE 0, A B BBUREAE A 2 0
PRARE T 53208 01, A AE T W 260 R B 40 A — B0k o X BB IR 5 A A, T GAN IRt 72 B
T A TH VPG FRAE B
1.2 FHERBEE

AR SRR AR BORE R R B B BT A9 ARTLNet (9 45 #5580 | HAE 48 401 151 2 iF % . ARTLNet (4% 0>
Ty 6 2 % i A KO HEAT S T, IR 454 TripletSemiHardLoss " HEAT B i 2% 35, A0 AL BRAF 22 [] 1 B B9, 14 5
R[] 28 BRI 1) X 43 BE T

R B T I AL AT X R R 2% B R O B R AERE ) AR SO H 19 ARTLNet BB AE 3523 bl & T ok 22
ShH R AL DA K EHEAZ M 45 (LSTM) , Hgh HLIE T 34> 5 i B AN . 87 0 SR 22 45 i g
B A A0 A TR )2 TR % vl %) e 8 T K T AL, ] IR 0 R AE 11 22 23 kil 5 3R 3, DT 2 A6 7R 1) % 3K i
LY, T AL W] Bl 28 43 T R AE 4 32 % F B AN ol A TR SR A 1 B L S T A R AR X, A BT
SR S B] DX o0 s fe e, LSTM AR Sy kb BR S e B8 (0 22 L 25 4, RIS i AR S R K B IR o6 &
BT X B () B A R B9 AR RE J) o AE DL IR b, 454 TripletSemiHard Loss #F 47 B 5t 2% 2, DL R % fiki F
AR A 1) 00 SR AR 268 i) B 5 1 ) A, 3 o g ) ) P e A S R TR 2 ) T A S N — EobE . R



4L F A TFRKZLSTM #2 DCGAN # fiss &, 12 5 IR Fh AL ot 18 & A A 247

e e e o e R R, Apple
1 I 1
L i _ Car
‘ i i — Dog
! ! ] Gold
Lo 0 0 0 g o] o
i /1 i
== & QR gm0
L | | -
N ' F-S»o -E} P} ) || Scooter
i A5 5 i & i - Tiger
E | o Batch | | § °t Bach || | T Wallet
rmalizati rmalizati
i 0_;’ normalization % normalization i EEGHHE Watch
I LSTM Ll :
; R B2 ;

B2 ARTLNet 42
Fig.2 ARTLNet framework

PR BT S R TG AR T A BRI B R 0 I S R I R AE R R SRR ER T

T LR FH AN 5k 22 B EEG 55 AT AL BT, A 3R 25 B 4% 1A LSTM 2 ik 3 — 1k )2 A
14 Dense &% %)= . LSTMJZ GBI #E EEG {7 5 i (9 I 8] 5 SRk, 175 Dense Jz W £& LSTM i i
P Ak B 5 A G B IR R — B, B8 25 0 HEE K A BN B b A B RS A AE DI S v el e A B Ok
F] R SR i 3 A ) R T WL B v S TR T G B R A 1 SRR B R AR IBCRE T L S SR 0 S 24 Ak T R AR
TEZEE Wl /DB B 52 Pk R IO B 2 Jm 15 5 AT R AR et 4005 RS o dRe )5 L2 3 — Ak 2 — 20 fe T
FEAE Y 43 A0 A LA R 25 ) B EL R
1.2.1 REHKEHLSTM

Jiki ELAF 5 AT =5 & A B IR) 2 [R) RUSCR AR AE o R 5 28 B, 184 0 et 8 I 48 22 B30 mT AR T i Fl R AIE 4
HURE AR AR AR Al R U AT [ TSR A b T Rk BE AR UE SR, A, AR SCR HTXLUZ LSTM 45
R, FE AR UE I E Y [) Ak AT 20978 W 53 e IR R o T 45 R RE WS il B &2 2 1 B ) 5 A AR AE , TR] A ol A VR )2
D] £ 2ty o 1 DI S wf A

BEAh AR SOl TripletSemiHardLoss #E47 ik A 2% 2, AL RFAE ] BE 25 0C R o 3% 5 76 X I 48 % 3 22
SRR, BUZ LSTM B RE#E I 58 43 3Rk Be Iy, #F— 20 in IR AT AL I AN BB 1 3% s MR B L S imi vl RE 3 Jm il 2k
KIREE

R B TR AR B BRI 5 R e BRG]k 2% 3 4 38 ) B BR A5 A R B OC SRR S 0T 92 A 0 BE T R
)8, 254G LSTM 198 &5l AR ) 5 5k 22 45 1 1 45 B O B L 3 B ALTE Sl 42 EEG b (1 I 74 ¢ 3=
FERIEM . K 3(a)RAR T A 2450, K 3(b) B8 T 41 % 4t 13 — 1k (Batch normalization, BN)
Y 5% 22 8 LSTM 4244 .

M 5k 26 BA g A Ry dg it oA O (i), 5% 28 WSS AY Ry R (i ), fan th AT A% O (i ) = R (i ) + g, WIXF
MG BFRN R (iy)= O (iy) — ix, ol tanh 53 5l 7R Sigmoid #4015 B8O tanh 38015 H65L .

LSTM 2 [l #3584 00

i,=ocWyh, + W,x,+ b, (1)
fi=o(Wyh,  + W, +b;) (2)
0,=c(W,h, \+ W, x,+b,) (3)

¢,=tanh(W,h, |+ W, x,+b,) (4)

(=fQe Ti&e, (5)



248 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 1, 2026

LY
B A 1

|
|
|
|
|
|
|
I
: A
: ¢
X | >
Weight | >
[wee TN, | .
FX) | ReLU | identity |
| Weight | :
|
|
F(x)+x E i f
| ta
i [
B
I
I
(a) B I (b) FRELST™M
(a) Residual connection (b) Residual LSTM

#3 sk HEMEZE LSTM /R B

Fig. 3 Schematics of residual connection residual LSTM

h,=o0,&®tanh(c,) (6)

A AR Lo LA KRB AT i 2 R AT T 5 e ¢ R R AR YRR I BRI Y TE A AR A A 8 1B B
IRAS, Wk £ RS X R B A A6 [ & S A B0, 1 2 FN c— 10048 4% 24 iy i Z0 A AT — i 20 RS B
1.2.2 BZEE A

TR BR2Z S B 5 B 5] A B F I ALE DL E— 2 SR AR AR R BOHOR o 5k 25 e L 28 i T 4R R
TS B E SV RRAE T IR T RRE SRR A B . I AR B AL R % T B AR R B £ OC B
B[] 25 SlCRFAE AT 4 T X 43 68 00 R4 Jeg A6 1) S ARG 32, A 2800 /0 e 75 R TU AR A5 B I T e, 4 v DG gt
FEAE (42 U IEJHHL,ﬁ%%ﬁ%ﬂ@ﬁﬁtﬂéﬁﬁﬁ%*ﬁ,@?%?I%?jjm%ﬂH"Jﬁ%ﬁﬁﬂfﬁﬂ‘(ﬁ,y\ﬁﬁﬁ%ﬁTﬁ
A

ML A i) (R R BB A S 51 v A AL AR DG R AR ) A Ak B Y 8K
Pt o BRI A AT ) BRI () a3 A B A 9 R 0 R LR SR AU ) i B AR R . 3L
NN W]

y= Attention (Q, K, V )= softmax (7)
Jd,
K d, A HE B . B S A A 9 B Q AR R I KA A BT A AR L I 1) 235 SR 2 Bk ok LA

S LB I I 2 2 R, R S K TS BORE BE S 2% . SRS 5 softmax BRBICKE b YRR DL BE e N
VR AT X — B H B R R — b, B A E R 1 RS A E A=



4L F A TFRKZLSTM #2 DCGAN # fiss &, 12 5 IR Fh AL ot 18 & A A 249

1x1 Conv
E 19|

1x1 Conv

1x1 Conv
B4 AR SIHLH S5

Fig.4 Structural diagram of the self-attention mechanism

T

K )xﬂaﬂm VHEAT ISR il 2 15 20 i 1 67

d,

B 4 JEoR Tz ALH 250 G136 A CRRAE A 1040 B Q VR B K (B R BE VR R AE 1A
1.2.3 FAEH A= THM % H 2 (TripletSemiHardLoss)

TE ARTLNet # BI f AR SC 5% ] T TripletSemiHardLoss, 3% J& — Fl 2t # i Triplet Loss. £ 451
Triplet Loss H i 5 FEAS (Anchor) | IE#£ 7 (Positive) il B A (Negative ) ¥ B, H A5 J2 6 4 2 5 IEREA
PR ST, M5 R B Bt . TripletSemiHardLoss W 38 3 3R 24 5 B 48 25 b 1E RE AR 2 {5 15 55 38 A 1%
KB e TREAS, LAAR 5 I 25 B o e M R0 A3 3l A o) A0 o PRI B A A (09 2o B G 1 o an il 5(a) B,
W BRRNEL A 5 0 ) R Bl (A) VIEFEA (P) R AFEAS (N, R BAR R E AT Z 8] A B, R 4k R 1E T
FEA Z 6] 1 53 85 3 B (Margin) .

WE 5(h) B, R AR 45 OG5 ol FH 3 a2 2 SR DL W /INFE AR 22 2 8% . 38 i Anchor  Positive
M Negative = Fi iR A% A5 5 2% > R AF 25 (8] Hh BEAS (R HE 55 56 &, H bR 2 ff [F 2884 (Anchor &5 Positive) i
BRI 2R (Anchor 55 Negative ) I 85 58 56, DTG £ FH AR RUPERRAE 924 2T 305 . ARTLNet 4 Al

Softmax(

4

Anchor (A) ! G
H ;os‘;ﬁ?{l; ®) E — Feature extractor
3l iy : ositive (ARTLNet)
1
1
i Shared weights
2t | |
o Negative (N) I Feature extractor TripletSemi-
I Margin ripletSemi
1 Foioe : ganehes (ARTLNet) HardLoss
I
i Shared weights
]
0 | 1
Anchor (A) i Negaie Feature extractor
B . i (ARTLNet)
-1 0 1 2 3 4
(a) TripletSemiHardLoss{i 2k (b) BERZE T LR 251
(a) TripletSemiHardLoss loss (b) Metric learning network structure

5 TripletSemiHardLoss i 2% FE f 2% ] M 4% 25 44 7 75 14

Fig.5 Schematics of TripletSemiHardLoss loss and metric learning network structure



250 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 1, 2026

4 3 A~ B 53 ) I D11 2, AR 3R 2, A Sl ASE AR 14 5 BE ), T /INRE 7R 3 50 v RE i R R AIE £ B0 AR AN
X AR AR JBE ik ) AR o IR 5 1 A AR R T A [ 2 AR AR 4 DX 3 A A RE A T D Y 20
iE A s B 2 AR R R . TR A N

(z,) =/ (2,)]
S ) o I 4 1 RS 0 R 0 16t 97 1 S R A 5 T R A 22 B B
B £ Ce) = o) | AT A B 5 SR 2 B () — 7 () R

1.3 BEREMEER
1.3.1 A& E RN LM

PG A A AL — A 56 T DCGAN SR A4 (9 785 4 AR 22 I 2%, AF 55 2 B ML 7 il EEG RRAE H A2
128X 128 { i B ik B . I 6 R AR i B & Z R OB RE T80 ERAR I ARRIE , e 2
AR RE i EE  H50 as B R A l a 2JR  BUE D R R T R 2 — AR AR D EL R
FA VB (4 7 o

iﬁi%ﬁﬁ%?ﬁ%%ﬂ”ﬁ%f*ﬂﬁ%%ﬂﬂﬂ ?E‘a‘?ﬁ% JRH IX X256 HA 4. Gl 6 )2 B, f—
J2 A3 R 2 i) A4 P2 0 [ e i /A 30 T, i a8 BRUR AR R 128 X 128 X 3 Y RGB &4 . ﬁ%%%)ﬁ%

—f(x)]. +a (8)

L(xa,xp,xn):maX(O,

32 3
// 4/
.//
128 128 .
—.
Reshape
Deconv1 D 2 16><16
eeonv econv 3 32x32
econv 4
Deconv 56
Deconv 6 Conv [}/
(a) HE AR W25 128x128 28x128
(a) Generator network
128+3 131
% i Conv 1 - 128
f onv
PHE I// Conv2 ~ Conv3 51 N
onv 4 1024 00V
Resh; Conv 5 1 +
a—— Dense
all SR B -
Real/Fake
8x8 8x8 8x
32x32
64x64
128x128 128x128 ‘
(b) HI 5 M4

(b) Discriminator network
- = ) 8 O
iY== IR 4%4F  Batch normalization LeakyReLU Tanh
F6 B A AR AL 1 ) 46 45 44

Fig.6 Network structure of the image generation model



4L F A TFRKZLSTM #2 DCGAN # fiss &, 12 5 IR Fh AL ot 18 & A A 251

LeakyRe LU ¥ i o ECFIHE A — 40 )2 i i BHR 20 tanh B0OE R R EAEL—1, 1120,

F) 590 i D00 3 e A AR 4 X A PR R L ST R BEAT X 4y o B SR WODRIE S 9 EEG FRIE 5 E &
(128X 128X 128 Fl1 128X 128X 3) , il F 6 J22 45 FUKS i 18 Bl A , foc J i 2 - J& )2 Fn 4 3% #2 2 kAT —
Fefn il A BRI B . RS BUS #A LeakyRelL U #4035 o CRIE 15— 12 .

1.3.2 Hk &K

AR SO Y DCGAN BB v | 25 plg 425 1A 530 45 J9T 4 FH 6% 458 2K 18 %8 hinge loss , I 76 A= i 45 25
TIACT R A % 30 o A A B T 2 S N () MR P A B A R PR 2 TR Y 2 L DR AR R A e R
A Z e BRI 20 Bt (Mode collapse ) 19 AU o 783X AR R o | Az ol 25 1€ Tl fif ) 5] gt o {1 10 442 11 2
Sy AT T AR o AR R0 S 0 B 45 2 R BORT Aoy B RN

Lo=—E,y pia| D(T (G2 9))0) |+ 2 Ly (9)
. E[16(z) =621 ] o)
Ellzi— 2]

Lo=E | max(0,1=D(T(x),9)) [+ E,, ., m[max(o, 1+ D(T(G(z.9)). ¢))] (11)

e Lo MARERAR K 5 Ly AP AR IR 5 Ly WA IR R 5 G (20) M G (25) 23 3 D AN [ RO I 7 2y AT 2, 2
G AR P 0 5 A Ry A A R B ASL R AR 05 T s Kl i o SR

2 KoM

2.1 HiEL

AHE 5 EEG 8 i Kumar 2870 B0 R T 23 B4R FE 152408 S 5%, 3 5%
WLE F4F (Characters) K07 (Digits) FHI A (Objects) = 2 Bl 34, )34 150 [ Chars74K"™  MNIST il
ImageNet B4 4" . BREA T 1007, BB Ficw T 2342 5# M 10 sEEGF5 . B
Emotiv EPOC+ & &5 R 5, 4k 145l 18 , R A% 128 Hz.

R B T SRR T 5 R B AR R W] IA A 2 BE R I R I, AR W S AR T AT S R A 1 R e
o FAF S ECFAE T ORI L S e B AR ARL , HLRE AT A BRI, D B T LR RO ARSI R
FARPRAEEM . MHILZ N ISR R R A N ERE P SYERE N ERE LNER A
T DA [R) 2 T ARG A5 78 1 R AE AR T Sz fkbERE .
2.2 WIRE

BB YN 553 WA B B« 55 — B B AE A FI W IR 85080 48 LI 32 B EEG FRAE , 80 & f04F Batch
size=256, %% 2] % =0.000 3, Adam fIEfL &% , 300 Yk A 5 25 — By Be 5 T A EEG ik A2 s B 5, 32 22
fdt ) AR K4 4R | Batch size=128, 2% 2] SR AL 2% 5 55 — B Be A m] L 248 300 K, SL 30 7E Windows 10
£ 4: . Python ¥ &l TensorFlow HEZ2 R fii § RTX 4090 & K #E47 .
2.3 iFEMiER

S — Iy BESEG N T OB S B — Bk T BB R 0 45 SRR R R R DT 4 S Y T SE A il FH 3 B
TE O 48 bR ok PF A B2 BURRAE 09 T i . PRI ARAE B TR BRI R AR . A R IR R KT 4Rk
(K-nearest neighbors, KNN)#/Fl 37 # [ £ HL¥: (Support vector machine, SVM)"', 348 42 BURAE 76
HIBR 250G 1432568 00 5 RS 50 R A K 34 R 28 1 (K-means clustering, K-means) , fif &2 5§ fiF 7



252 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 1, 2026

TC W B S B A3 A —BPE o 3X 3 U7 AT B A o A B, SR W R AR S BRI B G o L KNINAT
SVM VR R & e 5k, TH 5 o B2 s P I 3 R 1] B, 0 HGE & /D SR 4
55 T BESC G, A AR RS Y B AR SR 3 AR 45 A - IS (Inception score) ™ | FID (Frechet in-
ception distance) ™' Fl CDS(Class diversity score) ™. 1S i it F 45 Az B 1E% 1) 24 51 20 A 45 8 1A 28 1) 43 A
M 22 SR VEAL R I B i 5 2 . Zr 8080 RoR i 5 2 RE M E0E TR AR
15(6)=exp( Egior, [ D 016D p(2))]) (12)
s G (2) R A BB A i B8, p (I G (=) )R SR A 28000 43 A1, 375 43 B0 R X8 £ ol 1 5 1) 258 031 93
TARE S5 p (y ) g B A A 8 A4 B 3 B 2 50 43 A5 5 Dy, %6 78 KL (Kullback-Leibler) B & , 4 48 9 4~ 43 £ii 2
[i] A A — 2 o
CDS 3 io £ et 25 B G2 501 04 4 F Sz il B A S0 1 BB 2 e o 40 BTG, 2R W1 48 g 28 1) v L
M2 50 B A UBOCR By, Kt A =0
1 1
log N m(;(;@(
b s N 2 X R E ZE0 1Y EEG 15 5 A4 U FEAR B8 C o4y 26 . CDS IYE HIFE 0 ) 1
Z ] o
FID i@ i 11 58 W A~ 2 4k &5 107 23 Al 2Z (8] 1 Frechet FE 2 5k VP46 Az BURE AR 5 B0 SRR AR TE e 1 )2 1 19 2
EARREE o o BOBRAIG , 26 B A B R S S8 R R Y J3 A BRI, AR BB BB, H SR A
FID = gty — o ||+ Tr( 2+ 2, — 22,5, ) (14)

A B, 53 1) 22 7R S EUGORN AR A G TR AR AE 23 T) rp B S48 1) o, 20 RN, D0 3 i ok 1o JHE s T 22
L
2.4 IWERSHH

5 — WY B 19 52 5 2 ¥ EEGNet ™ | TSception ™’ | ShallowConvNet ' |EEGConformer ™ | LCM ™ il
WaveNet ™ 45 B8, L & EEG2Image ™3 3CH A 7 85 4 b F HBRERD | 4 T 3 A4k AR [ I 46 485 4 7 il e
FRAESE U 55 i R B, b EEGNet 4 Hh >R FH 5 1 2085 R A5 ok 3 2R BUEEG 5 5 (9 B 25 47 1E
T Sception i i 5| A B} /3 -23 [B] 2857 B A b, 48 022 ROBE 19 30 285 I HEL AR AIE 5 Shallow ConvNet i F ¥ )2 46 1
DR B T AR I ri I B A ) 45 B 48 B EEG Conformer 42 i 45 43 4 15 Transformer Zi #4545 , 1
2 Jmy 0 0 4 JRy 114 B 725 O 5 O M3 ek Jmy 308 5 o AL A 396 i OC Bk 3 3 R E 19 35 58 U7 s WaveNet SR H R
LR BB EEG {5 5 B P K8 ; EEG2Image $2 tH FFH LSTM 2 % 25 £8& B B RR AE I 28 s AR B 19
BIG . R T 0RO SISV, BT A S 36 1 0 P AR (6] i DI 2k 8 a4 (I 26 AR A 2 20 38 bR
INFIR AT 1 55 S 4

X T bR &SRR, 5286 4f ] - SNE T B V%) Objects 3 42 09 I 2 84 VE4T B30 07, 45 3 n
7 i/~ , Characters U4 22 045 2501 25 5 B8 , ARTLNet $2 B 7 AF 78 K [R1 28 51 =22 18] 277 B 8 09 4
W, 2% B FLRE 0 A7 R0CHb B2 ORI IX 20 AS TR 200 19 EEG A5 5 FR A, U2 T+ R WA 55 19 /0 S ERf . M L
T H A T 75, ARTLNet 78 R iE 25 (8] i R 30 7 807 09 R SSHOR L B0k 1 1 22 07 HIUI RN 5% 22 25 40 7 4l
PE A RURFAE J5 1 1 4 DTk .

2 178 , ARTLNet 7E K-means . SVM FI KNN 43¢ 25 1 (9 M6 R 2 5 T H i — 28 SOTA LAY,
H A% F e 69 EEG2Image /5 15, K-means . SVM Hl KNN ¥ i %8 7£ Characters 204 8 43l & 7

CDhS = C(G(zg)) (13)



4L F A TFRKZLSTM #2 DCGAN # fiss &, 12 5 IR Fh AL ot 18 & A A 253

(1
o
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K7 28R 5 HY -SNE K
Fig.7 tSNE plots for each modeling approach

% 1 Characters 1 Objects #{#E % t RR R & ) K-means.SVM F1 KNN # # % o #{33 tb
Table 1 Comparison of K-means, SVM and KNN accuracy scores for different models on the Characters

and Objects datasets

Method Characters 8yt 4E Objects %4 4
etho

K-means SVM KNN K-means SVM KNN
EEGNet” 0.18 0.36 0.56 0.16 0.28 0.53
TSception™ 0.48 0.56 0.68 0.52 0.58 0.67
ShallowConvNet™” 0.66 0.73 0.78 0.71 0.76 0.81
EEGConformer™ 0.62 0.74 0.87 0.69 0.76 0.86
LCM™ 0.72 0.77 0.84 0.72 0.78 0.84
WaveNet™! 0.71 0.75 0.84 0.64 0.71 0.78
EEG2Image™” 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

0.21.,0.24 F10.19, 7€ Objects G4 43 B4 7 0.23.0.15M10.12, X F W, ARTLNet 7¢ F#AF $2 B
17 22 B0 L 0, W) kg AR KT T I 4% B 1R B A AR AR AR, DA ZE BE i R 1Y EEG BIHR . X AR 8 THEE )
B AE AR SR B 2 P R T EEG 155 P iy SC BB (8] 77 51045 ., TR] e 7k 2 3 2 O 1 AR AE 76 TR B2
I 26 (1 5 5 A% 1o AR BR
W By S5 ik ij AC-GAN" C-Former™ | ThoughtViz*' SPIE work'®™'  NeuroGAN""* FI
EEG2Image " '/E Jg if o 8 7 35 , 7 Objects $Hi 4 b6 A il BUR HEAT PRA . AC-GAN 2 H 3R b5 2
AR B GAN 2844 ; C-Former it 33 % '] 89 Transformer-encoder # 8 %F EEG 15 5 #E 47 4 65, 31 %15 )
F18 8 A8 57 A Sy 2% 1 i A A LI 4 A 1 B B S8 s Thought Viz £ FH 25 4 2 WX T M 25 (cG AN) H G
T (9 EEG 5 55 o fiy A T 2= BUR R 14 18114 5 SPIE work fif F A% 2 90451 2 LUAR T RIR 45 40 5 3 LI 5%
2 s NeuroGAN $& H it F IR0 2% i B 0 A ke A s ot 52 1 K114 EEG2Image $2 4 FH LSTM 42
B A FRL R AR Of A R R . A Sy IR I AN TR R B AR T T AR MR 0 R e TR AR Y
SR RE 4R IS AR PR RS A E AR A — o R BRI
ﬁui’%ﬁu%@BFﬁ%,'ﬁThoughtViz EEG2Image 55 F It 77 A0 L, 28 SCJ7 B 7E Objects 24 4 |-, G
T B A S A SO B A PR, LB S 2 O A Y L BT A 1S 43 B AR A CDS A1 FID 434
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®2 AREFHIETE Objects Bl EHE R EREXTEE

Table 2 Comparison of generation performance of different methods on the Objects dataset

Method IS FID CDS
AC-GAN(one-hot)™ 3.10 / /
AC-GAN™ 4.90 / /
C-Former™! 5.10 / 0.650 1
ThoughtViz*! 5.43 / 0.789 7
SPIE work"™” 5.70 / /
NeuroGAN™ 6.02 / 0.405 1
EEG2Image™ 6.78 7.28 0.602 2
Ours 6.98 6.25 0.5330

3 HHEFTE Objects HIHESE LR [EFiE K CDS 43 #1401 FID 7 #(34 Eb
Table 3 Comparison of CDS and FID scores for different methods on the Objects dataset for each category

CDS FID
Class (ImageNet) -

ThoughtViz C-Former EEG2Image Ours EEG2Image Ours
Apple 0.849 7 0.7213 0.6059 0.556 0 2.63 2.17
Car 0.839 1 0.562 1 0.599 1 0.519 1 4.15 3.61
Dog 0.696 5 0.632 7 0.614 2 0.610 4 2.41 2.26
Gold 0.656 1 0.5391 0.626 9 0.624 9 8.40 8.23
Mobile 0.854 1 0.7252 0.6181 0.567 4 13.31 11.76
Rose 0.8309 0.584 3 0.604 4 0.590 0 4.84 4.21
Scooter 0.6309 0.5915 0.542 6 0.3525 10.35 8.45
Tiger 0.906 8 0.759 4 0.593 9 0.398 7 5.16 4.28
Wallet 0.815 3 0.755 3 0.601 1 0.554 9 8.32 7.13
Watch 0.8215 0.629 7 0.616 0 0.556 4 13.21 10.36
Mean 0.789 7 0.650 1 0.602 2 0.533 0 7.28 6.25

F W A SRR TR A G PR A B 200 DX g3 DL R A P 8 45 S PR A AR (L 75 T e B T B iR ) fE
T30 AR AR B R AL B IS 2R R PR AR SO A

2 O B P (R - R o Aome | @SR B EISEEE
e, DT AT LS B R 4T 1) A AR S o P 3?! @
P8 R T E WIS 90 7 Wk e AR S ik e NeuroGAN | o amil f;‘l g-

Objects # s 4 I w0 & 19 A%, W 2Rk 7 AL T Wi B2
T A SO A A S E U 2 WA iy ThoughtViz yﬂ..}
> — s
Sl S EEG2Image ’]\‘f’ l ﬂ.w
2.5 HEASIIR # BESiekimt,
y, W i A\ H > ] 1 i can
ST B EAS SCHT B ARTLNet #5588 i) A7 2004 Al o ! « I sf@m
WhHENE 43 I FE Objects Fl Characters 57 95 % F ¥E 47 A o=

TR . B AR SO0 oy i B R 0 AT B
2B I 2 S A R JH R LE A 2] 7 3k (Sim- Fig.8 Comparison of image generation results be-
CLR) 75 Jo b5 2 il vp 27 ~J A RLRE A 15 i 7R 19 0 tween the proposed method and four main-
B BRI HEAT A L, SRR A ARTLNet By £ 78 stream methods
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T WU RO % 22 B AT 8 — I Rl 38 o 2D 51 G e RO L AR R PR R (1 A8 AL, 43 BT & 4 1R R
PSR P i 1 AR TR

4 WA T A A L E ¥ Characters F1 Objects $4E 4 I 19 43 28 i % , L Unsupervised 37
T MBI SSL R R A = e AL #k (2 M BB R AT R i BB RC RoR sk 2 /i, N34
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Table 4 Accuracy comparison of different model configurations on Characters and Objects datasets

Characters 34 4 Objects i 4E
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
25 0.7
20 0.6
0.5
15 0.4
10 0.3
0.2
5 0.1

0 Apple Car Dog Gold Mobile Rose Scooter Tiger Wallet Watch 0 Apple Car Dog Gold Mobile Rose Scooter Tiger Wallet Watch
= Unsupervised = SSL = SSL+AT « SSL+AT+RC » Unsupervised = SSL = SSL+AT = SSL+AT+RC
(a) THRISEIRFID 700 Ly (b) JHRALSEIRCD SO0 H
(a) Comparison of FID scores in ablation study (b) Comparison of CDS scores in ablation study
B9 ANFIEET L & 75 Objects B4R b A= U4 19 0T 42k 23 HI06) L
Fig.9 Comparison of mass fraction of images generated by different model configurations
3 HRIE
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A RCRRAE SR B, I 3E— 25 ) IR B 45 BUA: O B 9 4 DCGAN AR i T 8 o ik 1 TRTR . IR D A e
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