372

E-mail: jig@aircas.ac.cn EPEI%%H??TE

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 OFEERERZRRAE

thE £ 5y £ S TP305 XHktRiRES: A XEHS: 1006-8961(2023)02-0372-13

X5 A#3: DuC D, Zhou Q Y, Liu C and He H G.2023. Review of visual neural encoding and decoding methods in fMRI. Journal of Image and
Graphics 28 (02) :0372-0384 (#HK48, FABHIE , X, ATHE . 2023. IMRI Y AL 50l 25435 B 4 i 7 e g adk . b [ R 4 IR 241, 28 (02) £ 0372-
0384) [ DOI.;10. 11834/jig. 220525 ]

fMRI B 52 R 215 B RMBE 77 A RIR

41,2 22 A1, 3 2011, 3 21,2, 3%
KA RIS R T
1L E R A ShAL B oT B i 52 RERF s o, dbat 1001905 2. EBLAEE E§ s kB 5T
LZEBANTERASGAEESLRE, L5 100190; 3. HEF2ER K AT =R, L5 100049

W OE:. WSS BN S A A D BE R 2L IR R (functional magnetic resonance imaging, fMRI) S5 45
G BARAT TSNS KA 280G sh Z (B A SC 2R . SRASAIFST AT LA #2676 sl =X A 7T 0 50, 75 Bh T i )2
SR B A2 J 5 SRR A T DA N B SRS T AT A 3%, AR A 02 10 M HLE AU & J8 . L, 3EF fMRIT
FIAL T 25 B G i 7 VP B AR 2 O T AR B . AR SCHE B4 T IMRI A W05 0 2505 1L 4t e i
SR AR S0 7T B 3ERE L, 0 W NG WUSE b 28 (5 B AR A 7 Ik B R B, 76 L0 b 2815 B 2R AL O T, TR A 44
TR TR B B AT R 0 R R B AE LA 2815 B A U7 T, 5 2, i PRAT: 55 R B LR 43 o 42 (A
BHERABEUREE 3 N5, FHRA MR T 58 0 i AR R MR 5E TAERUBT 075 . RRoil i, 76 BUS S 4
BENE T IETIRE A A (BT S) [H mias A OB SS ) 5 B R G SRS 2% [ Sk B % (1
HEFA, R, SR TR A 10 A UREOR 4R | I X B0 48 A RE AR RS il 40 g i sk
& BT AT T VEARIa9) . o), PRI 20 T ISk i 2845 B 40 i A 2 5 P 1 B S8 b, 0 AT T 24 TR 58
PZAE B G RIS ik A I B2 mTA T A Rl DL, R A ok & e Oy kA 7 e 2

KGR AN G Bl ZE A PR A A T3 VR BE 2 T 5 I BIL42 1 (BCT)

Review of visual neural encoding and decoding methods in fMRI

Du Changde'?, Zhou Qiongyi'**, Liu Che'*, He Huiguang' **"

1. Research Center for Brain Mapping and Brain-Inspired Intelligence, Institute of Automation, Chinese Academy of
Sciences , Beijing 100190, China; 2. State Key Laboratory of Multimodal Artificial Intelligence Systems,
Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China;

3. School of Artificial Intelligence, University of Chinese Academy of Sciences, Beijing 100049, China

Abstract: The relationship between human visual experience and evoked neural activity is central to the field of computa-
tional neuroscience. The purpose of visual neural encoding and decoding is to study the relationship between visual stimuli
and the evoked neural activity by using neuroimaging data such as functional magnetic resonance imaging (fMRI). Neural
encoding researches attempt to predict the brain activity according to the presented external stimuli, which contributes to the

development of brain science and brain-like artificial intelligence. Neural decoding researches attempt to predict the infor-
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mation about external stimuli by analyzing the observed brain activities, which can interpret the state of human visual per-
ception and promote the development of brain computer interface ( BCI). Therefore, fMRI based visual neural encoding and
decoding researches have important scientific significance and engineering value. Typically, the encoding models are based
on the specific computations that are thought to underlie the observed brain responses for specific visual stimuli. Early stud-
ies of visual neural encoding relied heavily on Gabor wavelet features because these features are very good at modeling brain
responses in the primary visual cortex. Recently, given the success of deep neural networks ( DNNs) in classifying objects
in natural images, the representations within these networks have been used to build encoding models of cortical responses
to complex visual stimuli. Most of the existing decoding studies are based on multi-voxel pattern analysis (MVPA) method
but brain connectivity pattern is also a key feature of the brain state and can be used for brain decoding. Although recent
studies have demonstrated the feasibility of decoding the identity of binary contrast patterns, handwritten characters, human
facial images, natural picture/video stimuli and dreams from the corresponding brain activation patterns, the accurate
reconstruction of the visual stimuli from fMRI still lacks adequate examination and requires plenty of efforts to improve. On
the basis of summarizing the key technologies and research progress of fMRI based visual neural encoding and decoding,
this paper further analyzes the limitations of existing visual neural encoding and decoding methods. In terms of visual neural
encoding, the development process of population receptive field (pRF) estimation method is introduced in detail. In terms
of visual neural decoding, it is divided into semantic classification, image identification and image reconstruction according
to task types, and the representative research work of each part and the methods used are described in detail. From the per-
spective of machine learning, semantic classification is a single label or multi-label classification problem. Simple visual
stimuli only contain a single object, while natural visual stimuli often contain multiple semantic labels. For example, an
image may contain flowers, water, trees, cars, etc. Predicting one or more semantic labels of the visual stimulus from the
brain signal is called semantic decoding. Image retrieval based on brain signal is also a common visual decoding task where
the model is created to “decode” neural activity by retrieving a picture of what a person has just seen or imagined. In parti-
cular, the reconstruction techniques of simple image, face image and complex natural image based on deep generative mod-
els (including variational auto-encoders ( VAEs) and generative adversarial networks ( GANs) ) are introduced in the part
of image reconstruction. Secondly, 10 open source datasets commonly used in this field were statistically sorted out, and the
sample size, number of subjects, types of stimuli, research purposes and download links of the datasets were summarized in
detail. These datasets have made important contributions to the development of this field. Finally, we introduce the com-
monly used measurement metrics of visual neural encoding and decoding model in detail, analyze the shortcomings of cur-
rent visual neural encoding and decoding methods, propose feasible suggestions for improvement, and show the future
development directions. Specifically, for neural encoding, the existing methods still have the following shortcomings: 1)
the computational models are mostly based on the existing neural network architecture, which cannot reflect the real biologi-
cal visual information flow; 2) due to the selective attention of each person in the visual perception and the inevitable noise
in the fMRI data collection, individual differences are significant; 3) the sample size of the existing f/MRI data set is insuf-
ficient; 4) most researchers construct feature spaces of neural encoding models based on fixed types of pre-trained neural
networks (such as AlexNet), causing problems such as insufficient diversity of visual features. On the other hand,
although the existing visual neural decoding methods perform well in the semantic classification and image identification
tasks, it is still very difficult to establish an accurate mapping between visual stimuli and visual neural signals, and the
results of image reconstruction are often blurry and lack of clear semantics. Moreover, most of the existing visual neural
decoding methods are based on linear transformation or deep network transformation of visual images, lacking exploration of
new visual features. Factors that hinder researchers from effectively decoding visual information and reconstructing images
or videos mainly include high dimension of fMRI data, small sample size and serious noise. In the future, more advanced
artificial intelligence technology should be used to develop more effective methods of neural encoding and decoding, and try
to translate brain signals into images, video, voice, text and other multimedia content, so as to achieve more BCI applica-
tions. The significant research directions include 1) multi-modal neural encoding and decoding based on the union of image
and text; 2) brain-guided computer vision model training and enhancement; 3) visual neural encoding and decoding based

on the high efficient features of large-scale pre-trained models. In addition, since brain signals are characterized by com-
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plexity, high dimension, large individual diversity, high dynamic nature and small sample size, future research needs to

combine computational neuroscience and artificial intelligence theories to develop visual neural encoding and decoding

methods with higher robustness, adaptability and interpretability.

Key words: neural encoding; neural decoding; image reconstruction; visual cognitive computing; deep learning; brain

computer interface (BCI)
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(FEZ%-= N

2.2 ETHESBBHEGEER

FE TIN5 A ) PR FoR 3t — 2 L g R

ORI AT 55 o A7 L A, R ) B A 0 B AL
fMRI, i 2o fiff A A, A6 Rt — A A NI T & 21 1Y
KR, E2A AR i X — ),
2.2.1  FETYRARRL Y R R

Kay 55\ (2008 ) 15 5 37 #f 28 2 A AL 20, SR i
5 Ik A B PG AR K i A ) o 2 4 P A 28 AR 47 2
T RS (10 F5T 0 235 RO A A i 75 22 ) A Stk
1 o WA s P45 T g ORI A 5 A .
FABOREF — T RIEEME, 0 AT — R 7%
IR RERUS , S5 N IX — T4 R UG R i 15 5 1)
BN Ak T S — 2 PR M, X — 2B Y
AL, TR X B A IS T2
— MG b 0 S B 05X H T TR
AR RN B2 N S 2B 1, M A 2 — iR 15
8 I TN R T R — W (ELE AT DA A2 a3 il
BT I IC S 5 R ) T AR A B B {5 A
YRS Fe AT Y — MR TR, gt = I Bl
B B0 5 8 2 WP — 1 R
2.2.2  FETRRSEONR KRR

Horikawa 1 Kamitani (2017 ) 1 56 4R 45 & 1% F5
AE—R A5 5 O HHh SR U 5 — D RA AR A 4 | 3X
AT LR A5 5 B 40 A RR R AR 0 SR 1 A BR824
ZRSRIA EMBARRAE , SR i AR B e 175 80 A9 AR E 5 ik
TEEUR B FRRAEA— — DC AT, AR 40 AH 5GP /N [A] i
VERC AR .
2.3 EThHESHENEGER

BTG5 A i R R AR R
ZofRA ) S SR IS TP e B — b H T BIF
FEAE a7 ) FRE RO R R ROR B, 7R
S AR A SR 37 5 R AN o i 2 T AT R Al IR
ME, BAHCRIE A AR KT A5 ] gt o i 2 )
RO SEUH AT AN DG HE AL BR . 1 SR BOLD {5572
A B —MHER R, 985 F 2R R 2R i i 14
A R 28 AT AR AR R B T, T LA 53 7 i B o
J, AT L 38) i ) 7 S8 R, P R R R A A
ERAR LW K HLAS 2= 2] h iy A 4 55 2% (auto-
encoder) 22 #4 ( £ F MLP ( multilayer perceptron) .
CNN ( convolutional neural network ) 2%, VAE ( variational
auto-encoder ) %5 ) DA N R X470 2% 21 3647 UG A i
T IBFE (0 GAN 45) o i T e AR A A o7 F o2
ST A 23 (] 8 S OC 2R, BT LA AT AR CCA

(canonical correlation analysis) . 2 1 € 2% 2] (' multi-
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view learning, MVL) S, B2 X AT Kk
TR UGG R Z IR A SR O 2R, Ao SEASE 0 e S
A AR, SN SRR 2O R,

Xt T -G E 24T 55, Haynes 1 Rees (2006 ) 4
FEFWI AT LA FH R 5 DX 9 47 5 B g R ko
PRULEE 2 B )AL 1R Miyawaki 55 A (2008 ) &
TZREREES 2R EA T, S T E
JUfT UG R 58 R A4, Naselaris 55 A (2009 )
FF DTS KT A B S S5 R A B A
R R S, B A T H AR A AR
Nishimoto 5 A (2011 ) F| Iz 3l fiE ft S i 462 51 LA Ko
DU SR i D S T R B AT ARG EAl X
T X A TE T AR T 28 AR Ak 14 1l S A 7K T
M5, S5 iR A AR R, I 415 £ AR M
i i I AR R K CF 15 S5 R K B, Fujiwara 58 A
(2013 ) 1| FH D1 - iy 2. 780 4H 5C 4341 ( Bayesian canoni-
cal correlation analysis, BCCA) #1371 M5 E 1%
U 5 37 A Rk o 7 T A s P A5 40 RS 1w £
JEC IR AASAEHY | Schoenmakers 48 A (2013 ) i FH
PRI T 5 FREHEAT T H A, Cowen 55 A (2014)
A E B 43 43 1 ( principal component analysis,
PCA) Fifdne/N — 314 J5 2 Ak MR filg i 3y v 80
T HORE B R B8, Wen % A (2018) JE
TIREE S 22 P 28 JZ AL P VAR ARSI T 3l A AR
WY gR S . Guiglitirk 55 A (2017 ) ] 105 75 2%
A XM 28 N MR {5 5 FE T AFE R A
IR . Du %8 (2019) B YA Y 1 T 2 R AR
53 F G it AR i AsE Y B A e A5 S, D i B2 1) AE 9 A
20, BV RE IR 5 A A A8 i B2 e ) — i 35 7 o
A, IR ) — A Z AR 3 H it ] LSy
AR 5 5 XU W O &R K 1R B G
ittt I R Al 2 A0 1] 2 T v e 2 AL KT ) BB (1) A2
BRI T E B R ERAE R
Shen 55 A\ (2019) B 64 KMKi{5 5 itk i 21 8 J3 1f 22
P 255 vh 2 AR B B AR R, 9K 05 ) RS BE T R A
SRIEMGSE S D B ) T %8 A T ImageNet 4l 4
) F ARG, R e 25 R R BRI, H
AE i A5 B, VanRullen 1 Reddy (2019) & F
VAE I GAN IR A BB S B0 T AR R i
Fang %5 A\ (2020) & H T — A3 F I AR s LAY )
PR B T2 %05 12553 0 WA AL 0 B2 J2 s
R B JE A AR SRR, SR 5 K IR A

SR B A B PR A I 2 R AT AR AR
Du 55 A (2022) $2 i T —Flogr B9 4544t b 205 2 i
7k o B 58 o 248 55 R A ) R T
ZA-MA TR M TR (40 VGG ( Visual Geometry
Group) ,ResNet ( residual neural network ) ) 5 A i i
DL 58 38 B AL 2 A AFIE SR IR T T IR R o e vy
BRSSP ) P X T 2 AR 5 IR o8 B J2 A
SRBZIAMOCER % B RE AR I R A B 1Y D
NG EMRT 5405 17 I b, i 2 s o o e 380 14 42
FAR SN RN 2, %07 1 i A B Bedd
)% , Bl Voxel2Unit 1 Unit2Pixel , TE Voxel2Unit ¥
B, Du 55N (2022) B 5 fdlf R R A8 vy i S 90 ok
ST A5 A 2t AR K R IMRT EACHiE e A
2 2 B 28 ) 4% 19 2= WAk ] B T R AR, TR
Unit2Pixel PrBE AEHE— L HL T A8 & MFAE U
RTINS ) CNN b AR S 2847 B T [ X6 iy
AL MR . B, Wang 458 N (2022) #F— 25 ]
AR A X B IO 245 S B T 6 sh 28 11 SR i)
), (R 8 ST T Ml 8 JE SOMY | T SO ¥ M S5 )
B, AT UGERET VAE BEL Y 545 5 B0 Y A)
L, Zhou 55 N (2022a) £ 4 2 T AT 3% 5 — 4k 3t (nor-
malizing flow, NF) f#Z9fRASHESE  7E fMRI 155
ST FERT RIS EE

3R IMRI R BIFTE 2 B, TR o 22 R 28 FE AL
B EAE IRy T 55 NS Ik A0 o Ak B R A — A
JEERARBIRM, K, B2 M 248 2 05
PAE B RA ) TR, A LR 25 B
W ITAEC &Aeth o2k  BURHHR S S )y s
T E RCR BRI R AL TR R A b
AIRKAEETE 25 8], Ak, A 19058 ol 2845 B i
TEL AT 53 MRS T DR 198 A0 B ) B — R e 37 ™ 8 %of
Kl P 2 DAL RE A5 LS I AR KRR BE B ke
TRAGER RN

3 AFEEE

PR 2215 B G A A A5 b i B A TH 8
R 1 IR, 3% SOOI 8 iz s Y e e Al s 1
B TTHR

1) 69 (van Gerven %% ,2010) ., ZBIEER & —
ZBAE 100 W& K T 5 80 USRI B9 BOLD
55, BIREIZEL6 Hz IRINE 12.5 s,
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Table 1 Public datasets commonly used in visual neural encoding and decoding

EA AR AT/ X Tt
69 FEHE 100 hitps ; //repository. ubn. ru. nl/handle/2066,/203799
BRAINS FEHFLE 360 hitp : //sciencesanne. com/research/
Binary Contrast Patterns “MHEME 1400 http://brainliner. jp/data/brainliner/ Visual_Image_Reconstruction
Vim-1 HREIER 1750 https ;//crens. org/ datasets/ve/vim-1
Vim-2 HERMA 7 200 hitps ;//crens. org/ data-sets/ve/ vim-2
BOLD5000 HREHS 5254 hitps ://bold5000. github. io/download. html
Generic Object Decoding HRES 1200 https ;//figshare. com/articles/ dataset/ Generic_Object_Decoding/7387130
Deep Image Reconstruction ~ H4REIf% 6 000  htips://figshare. com/articles/ dataset/ Deep_Image_Reconstruction/7033577
Faces NEKEME 8000 https ://openneuro. org/ datasets/ds001761/versions/2. 0. 0
NSD HERES 10 000 https : //natural-scenes-dataset. s3. amazonaws. com/index. html

P EIMR N MNIST F5 B0 7 5o is S b Pkt (%
50 & F5HF 6 150 IR FS5ECF9, 40 HE3 0 28 x
28 (9% RAEVEE N 3T MRI KA R 5, 14 1118
TR =2.5 s,ﬁi%%)i'ﬂ“ﬁ\]Z mm X2 mm X2 mm, 7
THRIHADE R )Z VI V2 V3 IR R

2) BRAINS (Schoenmakers %5 ,2013) . Z 50
£E L 360 MR K T 5 7 BF AR ABOR, £25 B LR,
A LN FI S 3t 6 T bl B2 FREAT 60 DA, 73
PR 56 x 56 183 . FH3T MRI R RSk T3k
3 AP BOLD 55 f33#H % TR = 1. 74 s A&
R5ER2 mmx2 mm x2 mm, 57T B AEFRIAL T8
1LY BOLD M B, 4> il S S R, B3 T
WIHARTE B2 )7 V1A V2 Bl X AR

3) Binary Contrast Patterns (Miyawaki %% ,2008) .
AR A WA, — B2 440 IEFEALIES, T
BERIYI Ly, R FE S 20 20 W — PR 5 Fh
JUATEARFN 5 P BE A N T BUR, B 2 S 0
PR, TR, R 43 BER 010 x 10 R &
SEHG ] 3T MRICREER ALk T3k 2 44X/ BOLD
5%, ARk TR =2 s AR RS A 3 mm x3 mm x
3 mm, RZRHVIHRAIERZ VI V2 V3 Fl V4,

4) Vim-1 (Kay %,2008) . %% ¥ £ 9 Dot 5]
Wk 1870 WRKEE ARG, HohJIlZREERY 1 750 1
PGS R 2 Wk, A RY 120 I8 15 8 A2 R
13 Y, HIEER A 3B 500 x 500 R R, KA
B A AT MRI A, SR TR =1 s (AR R
SFOH2 mm x2 mm x2 mm, 33053 T WL w5

V1.V2 V3 V4 V3a V3b I LO #58 X K Z

5) Vim-2 (Nishimoto %¢,2011) , ZE 5T H
(R O B AR LR I, 73 HERoh 512 x 512 14
., HERET 3 AN BOLD 55, REZSN
4T MRI HH#L, HHEEFE TR =1 s, KE R H
2 mm X2 mm x2.5 mm, PSHEERET AL 10 ~20 s K
FEM R B UNZRBE b () L2 B BBV 120 min, 45
T T4 T A LB K 9 min, FEAZ FE L 10
W, NGERMRE T RN, RFERA V4,
LO .STS . FFA .PPA ,OFA #1 RSC,

6) BOLD5000 ( Chang %5,2019) . %%k % &
TR A DS MR B84 0 3 N B3
Bttt SUN ( Xiao %% ,2010) 3%k COCO ( com-
mon objects context) ( Lin %, 2014 ) F1 ImageNet
(Deng %,2009) kL Y 4 916 1iF A SR UL HIFL,
PR T F W 0B R, RN R 375 <375 14
FORERE N 3T B RRR RS, TR =2 s, 1k
ZRFH2 mm x2 mm x2 mm, it 5% T 4 4R
LO ,OPA PPA il RSC i IX f9iAZ 1% 5h,

7) Generic Object Decoding ( Horikawa I Kami-
tani, 2017) . ZEHE A2 G455 EIGOR L S 56 A AR 42 5
B, M ImageNet 4t 45 Hh k378 (14500 8 S 3 v i
I, A2 12 x 12° (A0 A i L S B3, I 25 g
£ 150 2619 1 200 M EE AR 2 B0 — 3k, ik
B4 50 2504 50 MR MG, FE2R— IR EUR , RHiR A
I35 W, YIERAE R 4 1 MG 2 BN TR, AR
G506 T R B R AR R SR R AR A T A B —
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KGR, LRET 5 HHXH BOLD (755, RE X
N 3T BRI IR AR R4, TR =3 s, (KR R h
3 mmx3 mmx3 mm, KFEkKHAWHEREX VI—
V4 FEBALSE X LOC FFA i PPA

8) Deep Image Reconstruction ( Shen %§,2019) ,
G SRS UG S e A A G e ey, RGO
f1$E Generic Object Decoding "' Y 4|3 ( Horikawa
H1 Kamitani, 2017 ) , Miyawaki %5 A (2008 ) A JH 4
5FANTIEIR S 8 Fh i (44 LY 40 R &, LA I
10 Flztl . YIZREER 1 200 18 AR G 3 w; 42
SIS U MRAR Y 50 18 3 SR EIE I 40 TR TIE
AR 10 W7 5= B 5 o3 0 AL BT 24 .20 AN
12 R, FERE AT, O 77 Z AR 2 /s A 4 4
Y A AR TR, R T 3 ARk
(¥) BOLD {55, RAE B4 N 3T B LIR iUR R 5,
TR =2 s AAZENFH2 mm x2 mm x2 mm, ic5% T
FIAIEX VI—V4 FlE Pl vs X LOC FFA PPA )
PRI

9) Faces ( VanRullen I Reddy,2019) ., Z%(¥&
B UUNIAE R G HNE, NG ER R H CelebA 4
£ (Liu 55,2015) o R 108 OC L 1947 B 5K
By, T HE AT SE S 2 I R R R
IR 25t VAE-GAN H i &85 i B R . 1E
FYGastT  BUR 2T, 524 B0RA7E 8 x 8° [ #
AN 2 B 88 TR I ZRAE A A 20 KA A,
AN R A I e AT AR HRAN AR AS s TERR R 38T
BTN 20 SRR e — sk A AT AR
o BN RELSE D, FHFAESNE
8 000 Z 5k NG HaIE, “RAEVLA N 3T A%k IR
BAES, TR =2 s KZRFH3 mm x3 mm x3 mm,
A 4 Z940% BOLD 545,

10) NSD (Allen %5 ,2022) . ZEURAE 2 K IR
(4 E AR 5 R EMRL B 4R, 427 73 000 T 4 38
K%, X SR [ COCO % 48 (Lin %5 ,2014) ,
FIEAE 8.4 x 8. 4° WY ML I N B B, 78 7T 7%
HIRBIZ RS T, TR=1.6 s, AEZNF K 1.8 mm x
1.8 mm x 1.8 mm, iC5% T 8 44 B i 1 & 25 ) 43 B
R EME R BOLD MR, 544 Bal7E 40 A4l
i R v A S B 10 000 R EIR , 3R A2 S8
3, H 1000 W2 T A B S A AR, R
9 000 WA A A B A7 524k

4 E

8

h

A AN

Gl

4.1 HmEEBEEIER

Xof A S 4 B 0 R 30 3 ) SR R A
T 58 2 ORS BE, IR AE 2R R FoRY, R R
AR AR R UGG B I8 A B 718 2% (mean
square error, MSE) , fZ /R #h 4 5& R %L ( Pearson cor-
relation coefficient, PCC) , A] #t R % ( coefficient of
determination, R* ) %%,
4.2 REERBEESREER

FEVPAR AL (0 i P BE I, 32 258 2ok VA B i
SR P A o LR R AR BLEE | IR A AR AR
YA w0 PEAS MR B B A F R bR A 24y iR 2
MSE, % {8 {5 M b ( peak signal to noise ratio,
PSNR) , K JRGEMHIE R AL PCC L B &5 R AR UL 45 %
(structural similarity index, SSIM) %§_ L MSE F1
PCC, SSIM 76 5w (2= 17 b R AP AT 1
it (Wang 55,2004 ) . ZHE P25 G X L — 1 K&
XA SE B X LU RN

5 mAmEREE

5.1 MRHEERFBLEENDE

FERN 2 G i 7 T, BRI 9 AR A R T I
H R 2 26 1 v ) 2R AR S AR R AL R
EAEAEG LT Gabor /NEUFRIE A 4 A5 5 1 BA
T 22 1) it R R B A P 205 SR I R L S Y ik ) 7
Bli Z A R R AL 15 25, B ey gk — 25 >
R AR 25 H BB o . B0 B E 28 4
T B AT AE DL B 2 1) TR T 2 3L F B4 1K)
PR 28 AR N R S e LS A A v o T3k 2
2) B AR A TE AL 0 T o R ) e 48 M v D R
MR Hd R A 1o B o AS AT bt G A I s 3 350 1k 22
5K;3) IMRI Edi R AR B 5, X gl il i sk B, R
EARERCR A, LA 8 AR R R
4) BIF5E R 22 3T 1 5 A0 1) T et 8 0 285 (431
U1 AlexNet ) S 4 i 26 G A AR 7Y F) R AiF 235 1], 15
T LSERRIE R AN R A5 R

FERI 2 A O 1T, (B 50 1 T 2 IR A Hr
(07 BB TE 2R 1Y EMRT A 25 255 [] B 5 R4
RS HEST WL O R I P A 5 D7 VR AR 25 5 1 X
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TORBME SRR NS IE . RAEIA I EE 25
RIS ARILEXT KM 5 5 10 40 28 PR SS BRI
LSO (SB35 WSk var /N b E N 8 =
Vi) PR i Bl G R AT AR IR 5 TR M, BT o A 45 2R A
FEATE I Ho e = BB 5 5L, eAh, AT A5 15 5
SR 7 v R 22 BT X L R P 4 A AR el o TR
JEE 25 AR SRR AIE , e 2 X B RURRAE 4R 2, FHAT A
NI S AT A8 A5 B iy | 7 Pl 4% ol R A3 ) TR
K EZATE MR B 4 5 o REAS B /N DL W s
JUEAE,
5.2 RE

Bt 5 T A W LR 1% RN T e R Ak
(MFERER 4F,2022) , AT WFSR 28 AT LU A7 R0 HE
B AT BT L T [ 98 3 5 55 4000 0 9
B A AP 2605 31, OS2 30T R I 400 o i o e
FNE SRR, AR B8 A3 >R FH i Se ki N T Ag
BRI K B kg A 350009 R ki PR i o 2245 I8, 2 A 05
2, TR R A5 5 B A R AL 1 RS
FHEZTRNE S EZ N I—L D DIRe. A
B XBYBFSE D5 1 AL 4G < 1) T R SCARER & 1Y
SRS 2R B S 2 ) Kk 25 548 1Y
TR B AL 25 5 48 75 3) 2 T RABL )
SRR = RURRAE 0 08 P 2 g A (RIS 5 4R
2022) ;4) BT & Y i 65 7 PR LA N T A&
W 284550 A 28 ik A ( Zhou 45 ,2022b) %5 164k, i
TRIGESBA Z Ak S 4e i AMMA2ZE SRR &
JESNASTERREA f /N A, PR IR SR I AR IR 77
BUE 2 AT RSB T RE RIS I & R
BPE M AR R AR TR T A A 2 . A
Ik,

6 % i&

FET IMRI B RL 58 1o 2215 R 2 A D7 12 O DTS
AT BEAFALIE ZR GBI R AL o8 K 2
AR (R QAL B AR, S b AL BE A Y
HIF5E AT AR ELAR 2E ARGAR I, Se kPR e Bl
THRA KR DAL B A AE R ZE LR, i K Y 12
AL IR 0T — AR T S T, 4 v LA
RERUMFIAL BAN R (5 B RE ST . I, 2 T IR o
>JH1 MRT RHLSE M 2205 B A I E DTS , A O
JRiRLS: R H R S N N T A

DO R

ARG T HET MR LS8 Pl 2805 . S it B
Jrk IO T BERE  WALSE R 2205 B 2w i i i) 3 5
Geitplanss - Z ISR Wik Bt AT 8K
PE M AR SF 7 AT IR A B . oG, TR
G T T REA RS BIAG T AL E o 2205 B b 7
IR A I R . FRUR A BB AR S AT 0 D i
P& ESNEECE Ve e SR R e e I i S B
WA T B S RES, 25,514 T
AT T A TR A L A8 M 2215 S D i )
FRARBEERAR . fm, 3 1 OB 20 G D
WFTE TR AN AL FEXE AR BB FE T AT TR,
256 2R M AR T Re e Y & i
P TE I ER PR A A0S I 21 A i )
TR IEARRI K RETT 1]

£ % U Hk ( References)

Allen E J, St-Yves G, Wu Y H, Breedlove J L, Prince J S, Dowdle L
T, Nau M, Caron B, Pestilli F, Charest I, Hutchinson J B, Nase-
laris T and Kay K. 2022. A massive 7T fMRI dataset to bridge cog-
nitive neuroscience and artificial intelligence. Nature Neuroscience,
25(1): 116-126 [ DOI; 10.1038/541593-021-00962-x ]

Chang N, Pyles J] A, Marcus A, Gupta A, Tarr M J and Aminoff E M.
2019. BOLD5000, a public fMRI dataset while viewing 5000 visual
images. Scientific Data, 6(1) : #49 [ DOI. 10. 1038/s41597-019-
0052-3]

Cowen A S, Chun M M and Kuhl B A. 2014. Neural portraits of percep-
tion: reconstructing face images from evoked brain activity. Neuro-
Image, 94 1222 [ DOI; 10.1016/j. neuroimage. 2014.03.018 ]

Cui Y B, Qiao K, Zhang C, Wang L Y, Yan B and Tong L. 2021.
GaborNet visual encoding: a lightweight region-based visual enco-
ding model with good expressiveness and biological interpretability.
Frontiers in Neuroscience, 15: #614182 [ DOI. 10. 3389/fnins.
2021.614182 ]

Deng J, Dong W, Socher R, Li L J, Li K and Li F F. 2009. ImageNet:
a large-scale hierarchical image database//Proceedings of 2009
IEEE Conference on Computer Vision and Pattern Recognition.
Miami, USA. IEEE. 248-255 [ DOI. 10. 1109/cvpr. 2009.
5206848 ]

Du CD, DuCY, Huang L J and He H G. 2019. Reconstructing per-
ceived images from human brain activities with Bayesian deep multi-
view learning. IEEE Transactions on Neural Networks and Learning
Systems, 30 ( 8): 2310-2323 [ DOI. 10. 1109/tnnls. 2018.
2882456 ]

Du CD, DuCY, Huang L. J, Wang H B and He H G. 2022. Structured



Fo8FE/FE2H/2023F2 B

HARE, BEEE, X, @EY / (MR BINEHEEEREEE EER

neural decoding with multi-task transfer learning of deep neural net-
work representations. IEEE Transactions on Neural Networks and
Learning Systems, 33(2): 600-614 [ DOI. 10. 1109/tnnls. 2020.
3028167 ]

Dumoulin S O and Wandell B A. 2008. Population receptive field esti-
mates in human visual cortex. Neurolmage, 39 (2 ). 647-660
[DOI: 10.1016/j. neuroimage. 2007. 09. 034 ]

Fang T, Qi Y and Pan G. 2020. Reconstructing perceptive images from
brain activity by shape-semantic GAN//Proceedings of the 34th
International Conference on Neural Information Processing Systems.
Vancouver, Canada: Curran Associates Inc. ; 13038-13048

Fujiwara Y, Miyawaki Y and Kamitani Y. 2013. Modular encoding and
decoding models derived from Bayesian canonical correlation analy-
sis. Neural Computation, 25(4) ; 979-1005 [ DOI; 10. 1162/neco_
a_00423]

Giigliitiirk Y, Giiclii U, Seeliger K, Bosch S, van Lier R and van Gerven
M A J. 2017. Reconstructing perceived faces from brain activations
with deep adversarial neural decoding//Proceedings of the 31st
International Conference on Neural Information Processing Systems.
Long Beach, USA: Curran Associates Inc. ; 42494260

Haxby J V, Gobbini M I, Furey M L, Ishai A, Schouten J L and Pietrini
P. 2001. Distributed and overlapping representations of faces and
objects in ventral temporal cortex. Science, 293 (5539) : 2425-2430
[ DOI: 10.1126/science. 1063736 ]

Haynes ] D and Rees G. 2006. Decoding mental states from brain activity
in humans. Nature Reviews Neuroscience, 7(7): 523-534 [ DOI:
10.1038/nrn1931 |

Horikawa T and Kamitani Y. 2017. Generic decoding of seen and imag-
ined objects using hierarchical visual features. Nature Communica-
tions, 8(1): #15037 [ DOI; 10. 1038/ncomms15037 ]

Huth A G, Lee T, Nishimoto S, Bilenko N Y, Vu A T and Gallant J L.
2016. Decoding the semantic content of natural movies from human
brain activity. Frontiers in Systems Neuroscience, 10; #81 [ DOI.
10. 3389/fnsys. 2016. 00081 ]

Huth A G, Nishimoto S, Vu A T and Gallant J L. 2012. A continuous
semantic space describes the representation of thousands of object
and action categories across the human brain. Neuron, 76 (6):
1210-1224 [ DOI: 10.1016/j. neuron. 2012.10.014 ]

Kamitani Y and Tong F. 2005. Decoding the visual and subjective con-
tents of the human brain. Nature Neuroscience, 8 (5): 679-685
[DOI; 10.1038/nn1444 ]

Kay K N, Naselaris T, Prenger R J and Gallant J L. 2008. Identifying
natural images from human brain activity. Nature, 452 (7185):
352-355 [ DOI: 10.1038/nature06713 ]

Kay K N, Winawer J, Rokem A, Mezer A and Wandell B A. 2013. A
two-stage cascade model of BOLD responses in human visual cortex.
PLoS Computational Biology, 9(5) : #e1003079 [ DOI; 10. 1371/
journal. pebi. 1003079 ]

Khosla M, Ngo G H , Jamison K , Kuceyeski A and Sabuncu M R.

2020. Neural encoding with visual attention. Advances in Neural
Information Processing Systems, 33: 15942-15953

Kriegeskorte N, Mur M and Bandettini P A. 2008. Representational sim-
ilarity analysis-connecting the branches of systems neuroscience.
Frontiers in Systems Neuroscience, 2 #4 [ DOI; 10. 3389/ neuro.
06.004.2008 |

Lee S, Papanikolaou A, Logothetis N K, Smirnakis S M and Keliris G
A. 2013. A new method for estimating population receptive field
topography in visual cortex. Neurolmage, 81: 144-157 [ DOI: 10.
1016/j. neuroimage. 2013. 05. 026 |

Li D, Du C D, Huang L J, Chen Z Q and He H G. 2018. Multi-label
semantic decoding from human brain activity//Proceedings of the
24th International Conference on Pattern Recognition (ICPR). Bei-
jing, China: IEEE. 3796-3801 [ DOI. 10. 1109/icpr. 2018.
8545855 ]

Li D, DuC D, Wang HB, Zhou Q Y and He H G. 2022. Deep modali-
ty assistance co-training network for semi-supervised multi-label
semantic decoding. IEEE Transactions on Multimedia, 24 3287-
3299 [ DOI: 10.1109/tmm. 2021. 3104980 ]

Li D, DuC D, Wang S P, Wang H B and He H G. 2021. Multi-subject
data augmentation for target subject semantic decoding with deep
multi-view adversarial learning. Information Sciences, 547: 1025-
1044 [ DOI: 10.1016/j. ins. 2020.09.012 ]

Lin T'Y, Maire M, Belongie S, Hays J, Perona P, Ramanan D, Dollar
P and Zitnick C L. 2014. Microsoft COCO: common objects in con-
text//Proceedings of the 13th European Conference on Computer
Vision. Zurich, Switzerland: Springer: 740-755 [ DOI. 10. 1007/
978-3-319-10602-1_48 |

Liu Z W, Luo P, Wang X G and Tang X O. 2015. Deep learning face
attributes in the wild//Proceedings of 2015 IEEE International Con-
ference on Computer Vision. Santiago, Chile: IEEE: 3730-3738
[DOI; 10.1109/icev. 2015.425 ]

Miyawaki Y, Uchida H, Yamashita O, Sato M A, Morito Y, Tanabe H
C, Sadato N and Kamitani Y. 2008. Visual image reconstruction
from human brain activity using a combination of multiscale local
image decoders. Neuron, 60(5): 915929 [ DOI. 10. 1016/j. neu-
ron. 2008. 11.004 ]

Naselaris T, Kay K N, Nishimoto S and Gallant J L. 2011. Encoding
and decoding in fMRI. Neurolmage, 56 (2): 400410 [ DOI. 10.
1016/j. neuroimage. 2010. 07. 073 ]

Naselaris T, Prenger R J, Kay K N, Oliver M and Gallant J L. 2009.
Bayesian reconstruction of natural images from human brain activity.
Neuron, 63 (6): 902-915 [ DOI: 10. 1016/j. neuron. 2009. 09.
006 ]

Nishimoto S, Vu A T, Naselaris T, Benjamini Y, Yu B and Gallant J L.
2011. Reconstructing visual experiences from brain activity evoked
by natural movies. Current Biology, 21 (19): 1641-1646 [ DOI.
10.1016/j. cub. 2011.08. 031 ]

Norman K A, Polyn S M, Detre G J and Haxby J V. 2006. Beyond



384

PEERBEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.28,No.2,Feb.2023

mind-reading: multi-voxel pattern analysis of fMRI data. Trends in
Cognitive Sciences, 10(9) : 424-430 [ DOI: 10. 1016/]. tics. 2006.
07.005 ]

Schmah T, Hinton G E, Zemel R S, Small S L and Strother S. 2008.
Generative versus discriminative training of RBMs for classification of
fMRI images//Proceedings of the 21st International Conference on
Neural Information Processing Systems. Vancouver, Canada: Curran
Associates Inc. ; 1409-1416

Schoenmakers S, Barth M, Heskes T and van Gerven M. 2013. Linear
reconstruction of perceived images from human brain activity. Neu-
rolmage, 83 951961 [ DOI: 10. 1016/j. neuroimage. 2013. 07.
043]

Shen G H, Horikawa T, Majima K and Kamitani Y. 2019. Deep image
reconstruction from human brain activity. PLoS Computational Biolo-
gy, 15(1) : #e1006633 [ DOI; 10.1371/journal. pchi. 1006633 ]

Stansbury D E, Naselaris T and Gallant J L. 2013. Natural scene statis-
tics account for the representation of scene categories in human visu-
al cortex. Neuron, 79(5): 1025-1034 [ DOI. 10. 1016/j. neuron.
2013.06.034 ]

St-Yves G and Naselaris T. 2018. The feature-weighted receptive field:
an interpretable encoding model for complex feature spaces. Neuro-
Image, 180 188-202 [ DOI. 10. 1016/j. neuroimage. 2017. 06.
035]

Van Gerven M A J, De Lange F P and Heskes T. 2010. Neural decoding
with hierarchical generative models. Neural Computation, 22(12) :
3127-3142 [ DOI: 10. 1162/neco_a_00047 ]

VanRullen R and Reddy L. 2019. Reconstructing faces from fMRI pat-
terns using deep generative neural networks. Communications Biolo-
gy, 2(1): #193 [ DOI: 10.1038/s42003-019-0438-y |

Wang C, Yan HM, Huang W, LiJ Y, Wang Y T, Fan Y S, Sheng W,
LiuT, Li R and Chen H F. 2022. Reconstructing rapid natural
vision with fMRI-conditional video generative adversarial network.
Cerebral Cortex, 32 (20): 45024511 [ DOI. 10. 1093/ cercor/
bhah498 |

Wang H B, Huang L J, Du C D, Li D, Wang B and He H G. 2021.
Neural encoding for human visual cortex with deep neural networks
learning “ What” and “ Where”.
and Developmental Systems, 13 (4): 827-840 [ DOI. 10. 1109/
teds. 2020. 3007761 |

Wang Z, Bovik A C, Sheikh H R and Simoncelli E P. 2004. Image

IEEE Transactions on Cognitive

quality assessment: from error visibility to structural similarity.
IEEE Transactions on Image Processing, 13 (4): 600-612 [ DOI,
10. 1109/tip. 2003. 819861 |

Wen H G, ShiJ X, Zhang Y Z, Lu K H, Cao J Y and Liu Z M. 2018.
Neural encoding and decoding with deep learning for dynamic natu-
ral vision. Cerebral Cortex, 28(12) : 41364160 [ DOI: 10. 1093/
cercor/bhx268 ]

Xiao J X, Hays J, Ehinger K A, Oliva A and Torralba A. 2010. SUN
database; large-scale scene recognition from abbey to zoo//Proceed-
ings of 2010 IEEE Computer Society Conference on Computer Vision
and Pattern Recognition. San Francisco, USA: IEEE: 3485-3492
[ DOI: 10.1109/cvpr. 2010. 5539970 ]

Ye HH, He HJ, Fang ] W, Tong Q Q, Zhou Z H and Liu H F. 2022.
Research progress of quantitative multimodal brain imaging technolo-
gy. Journal of Image and Graphics, 27 (6) : 1944-1955 (- E5E,
s, Jrifese, IR, AT, KR 2022, KINSHs
AR E RN TR, B E R 2240, 27 (6) : 1944-
1955) [DOI: 10. 11834/jig. 220153 ]

Zeidman P, Silson E H, Schwarzkopf D S, Baker C I and Penny W.
2018. Bayesian population receptive field modelling. Neurolmage,
180 173-187 [ DOI: 10.1016/j. neuroimage. 2017.09. 008 ]

Zhang HY, Wang T B, Li M Z, Zhao Z, Pu S L and Wu F. 2022.
Comprehensive review of visual-language-oriented multimodal pre-
training methods. Journal of Image and Graphics, 27 (9): 2652-
2682 (GKIET, ERG, R, B, Wik, R 2022
WA ZBA B Zhgid. hE R EIE %4, 27(9):
2652-2682 [ DOI: 10. 11834/jig. 220173 |

Zhou Q Y, DuC D, Li D, Wang H B, Liu K J and He H G. 2022a.
Neural encoding and decoding with a flow-based invertible generative
model. TEEE Transactions on Cognitive and Developmental Systems.
Early Access, https://ieeexplore. ieee. org/document/9780264
[DOI: 10.1109/TCDS. 2022.3176977 ]

Zhou Q Y, Du C D, He H G. 2022b. Exploring the brain-like properties
of deep neural networks: a neural encoding perspective. Machine
Intelligence Research, 19(5): 439455 [ DOI: 10. 1007/s11633-
022-1348-x ]

Zuiderbaan W, Harvey B M and Dumoulin S O. 2012. Modeling center-
surround configurations in population receptive fields using fMRI.

Journal of Vision, 12(3): #10 [ DOI. 10.1167/12.3.10]

EEE T

FEARTE, 55 BRSO, WS T5 1) AR R
> MEAE B iRt TR R 5 2RI e
E-mail ; changde. du@ ia. ac. cn

(B A (IR e AW o s L S w AV N ]
MO Rk 52805 #8, E-mail ; huiguang. he@ ia. ac. cn
JABUG L AR AR5 ) AR L b
25 B FIE G B

E-mail ; zhouqiongyi2018@ ia. ac. cn

Db O IR T w1 i S s 2 0 s ok - S W AV e
245 B YR i AL N A GE . E-mail : liuche2022@ ia. ac. cn



