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Abstract: With the rapid development of deep generative models, the realism of synthetic images has been

continuously improving, and various generative technologies have been deeply integrated into people’ s
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daily life, from image generation to face manipulation, which brings attention to the authenticity of images.
In addition, mainstream image classification models are mainly pre-trained on natural scene datasets with
rich and varied styles, while a single prompt can generate a large amount of data, but there is an obvious
homogeneity problem, which affects the imbalance of learning difficulty, thus making the traditional image
binary classification training method in the generated image detection task have insufficient generalization
ability. To address such issues, we propose a detection method under the difficulty and easy sample
imbalance, which does not need to modify the existing classification model, and establishes an effective
data augmentation paradigm by generating data self-enhancement to expand the diversity of generated data,
thereby balancing the learning difficulty of the model. At the same time, we use the corrected class cross-
entropy loss for sensitive punishment in difficult and easy samples. Finally, the proposed method achieves
the best results in the computer vision application challenge: Real and fake image recognition competition
held by the artificial intelligence society of shandong province in November 2023 .

Key words: deep learning; image classification; data enhancement; real and fake image recognition; class

imbalance problem

51

il

M 2022 4 i OpenAT ) ChatGP T 23 Hi i 5] Meta (19 LLaMa"* #858 JF 98, 28 pli X A T8 fE (Ar-
tificial intelligence generated content, AIGC) 7E 4= BR 1 [l P (19 43 A5 B Z0 {0l F- @ ok @ik . A DELL-E %)
Stable diffusion, 3X £ 5 K (14 1 7 ARG AL BUBE R 1 Hh B AR i AIGC R IEZL DT — S A e
P ik R4 BT ATIEMR G ORI YA E AR i B 58 A R T B, A= A PR 1 Joi A i B 7 DL
F PR TE AR A 5 e 0 AP B R TN A P R A AT O 4 B VE RS AR g AR A
3N TR RETE M 2% 22 A R 5 E SV I T ng i L O Je A 3l 5 ) AR IR A BIF 938 7R T BE 3K IR
I o 24 A 5 £ B 19 T — B . WA, 25 I R A S R R T R AT 1 R O SV T I AU L i H 3
PO ATEMG A R 2% OG22, 7R3 50N, IR A AN TR BB 228 I 19 “ THE LA 56 o FH Pk 9% <
i B U0 7 Ry Bk B R A T MR Y S B B

AR Tl F N 3 i AR BURFAE 09 1% e LA 2% > O s, IR B 2 >0 FE LR AL B )5 T B A 1t Ry 1) A
P B2 Ik AT DL 3h2E o) U & PR E KR, A SR R HLG A8 ) o eI 3k ] RLA T M
BREB E FIZRisi AL, i — DR TH R 8 o I 4F K, Transformer 4244 PR A 482 178 P2 40K OC 22 72 K
Gy AT 55 PR BLH AL SR, 5 25 T4 B 28 [ 4% (Convolutional neural networks, CNN) 4
TUKH B, Al — 24 446 X 037 5 4 05 F AL BE T ransformer 23 77 76 52 55 19 R 30 U 40 RN A8 22 R R kB 1, iX
X R B AR B T BRI o S 1 B I — R B L B X PR A SORI T — R IR A B9 CNN-Transformer [
2 GE LA TR RSB HOF A5 4 T ResNet 280 19 43 2 B 82 1 R MR SR MU S 2 RO KRR g
T3 B — Al SR B85 4 Ry 1 e RO B AE SR

TEHERTE 00 R B b, H T AT AR 8000 B8 SR T R ) sl AL 1% i s 1 o AR i, X 30T A U
HfEAE ) SR [ O A e, ELAR U, 359 4 A A PR AR 0 A IXUAR R T 46 T e B AR B, ik 5 LS
T BRI 2 ZREMEIE L T e 25 o TR, 33k o 5040 T) J5 A ) e 44 7™ B 52wl A 284 1) 9 A 7 12 iz A 1
fE , PR A AR AT fig o oA o 5 =X Ay U 2R BE , M JCTE AR Gr b HE T KR B A TR X S AR, A
SCRHT Z2 R0 3G T BOR A RS I T R R 2R o s s ) Oy 2nT DU R T g



BB %A F CNN-Transformer %422 #1649 AT &£ m B8 LM ibn 7 & 1285

AR A, o5 Y 08 AN T[] 195 BLAR B AT — 5 B INRIBE ST o 53 8, 78 SO il e SR Ao RN TG A 4 ot 26 031 3% £l
f% 56 I AR, 2E T S BB ) ORI o XSRS R A, B R T TR LA S R Az AR ) R 2
itk K50 1) 5 A ) R A A 28 T B o AT 2R PRIKRC L, A2 0 58 U 408 2R 2 08 A6 0 A S T T 26 S ) A 5 A
KA, T 228 W JHG A 28 591 M 53 70 A1 B0 el 468 . 255 i 8 OO 288 1 B 0 80O R AT A9 1 0, ke B2 A1 A 9 ) A
SR R T G IX — R, AN SO T — b AT S8 SUIR AR %, n] LU ™ A 1 A8 T B DR U [ I g
e R R X e A O A

g5 LT % ik T B AR AR RIAE 55, AR SCIRK AT 45 6 24 1 E0HE 4R 10 R 8 )R, B it — B B A7
RN ZR R , 7 b A B A Py 0 R b 68 A SOt 9 T ek AT PPl A HEAT RS R S T SR Dk e

1 HE&E

AR S () B0 B R U T L AR A T R 4 R0 0 T S HL L BE 10 Ik B < ELAR PR R
TR . HTRAY H AR N GR— AR Y i 7 A P45 A S A g P R0 3 25 D T 4 AT S DB A A e B
HL Gy s i e AT R o Q& 1T, AT AR Ji0 A0k 2 [ 45 B 98 T YRR B DX 73 ECAIR, {ELAE 4055 AT
fAfE—26 22 5 0 HIA LR P IR D GO0 I AL AR, R A, R A S 2 5. It
b %5 BRI S iR HAT LR 4 A

(1) BB . L FESR AL A VI ZRBHE A2 5 16 000 3K KN 315 X 256 18 3 X 256 R R I F
8 AL S 8 000 5K B SE BRI 8 000 7k ATZE A IEIR i3 A AL S Ik 1 5 J2 it I 2 8l

(2) PGB o Hodn 4R b i UG A B p DL DE o o, LSRR LS b e e 7 RS Al b i 3
S I ATAE A RS B S AR AU 5

(3) BPR R R R ZAEME o . BURRIRIE T AR R, G AARKOL AW EZR i 2R a8y
A AR 2 33X A AR A5 R BE A 2 > B 45 A 7 50 A LR AR

(4) Bl el oy i v o RO A b 8RR AT A TR) B X B, R AT 728 2 U0 B JRTAZ e A LA 331 ) 4
8, 3K (A5 A58 20 BB 6% 7 A () B X B2 R 2R AT I G AITEA

(5) Bdi W Bifl o o T ATAE A H A8 AR () s AL Fs 48 725 il ok A 8, 5 B0 A B AR S A7 7 W]
AR [R] B A | Tt 2 3 KO0 B B — R R A

‘ = ¥ »
‘E}i! s R
.

PIT AT AR RS S AL B AR

Fig.1 Al-generated images and images captured by camera



1286 R E B L Jowrnal of Data Acquisition and Processing Vol. 40, No. 5, 2025

2 AKXFHE

2.1 B

AR A — A F CNN-Transformer TR & 2844 CMT(CNNs meet transformers)"' ., 1 [& 2 fir
7%, CMT 3843 R I T Transformer 4 41 2 72 4 86 Fl CNN X ey 8 £ 8@ B 3. R, i T VIT (Vision
Transformer) fll DeiT( Data-efficient image Transformers)Z¢4li Transformer 424 B 32265 5 A S 50 #) 0 R
B A R P X R b 5 305 BUREAS RGBSR RO 2548 (5 B C AR PR B 2 R PR . b . Conv 2
H stride 24 K, DW-Conv 218 F 1] /0 B %51 , GELU(Gaussian error linear unit) & —Fl 5 iR 25 28 4
BATTOE PR, BN JE AL I 5 — Ak, H X W 30 Y 1 B AR AE B 43 98 238, C g RRAE I ) 38 3 48 2

)

PR ERT P4

) ) ) ) ( )
¢ 3 3| |28 S S 3 ¥ = ; 1x1Conv
Bl = [B] [« x| [B] | |E] |« 1] |5 GELU BN
=12 2 2] (2] (2] 122 2] EE 9] |8 (353 DW Cont]
= 18l 155 8] [sEl || =8| 8] =g %] |=
=l [© sHol| = (o] 5 |o = =X GELU BN
Q SIHES Of | o | Ol | ( 1x1Conv )
N [\l G [\
__________ BN
~~~~~~~~~~~~~~~~ BRAZ:AEEN
-------- HXWxC,
A N
2 = 4 & [ lxk DW-Conv stride=k ]
g H B v v
# (S & = .
£ % T E L] B Graw) (GREE) (EEEw)
% = ¥ ¥ L
- - ( %3 R JJIMHSA )

HiX”iXCi
2 ARICHERIZERY

Fig.2  Overall architecture of the proposed model
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Fig.3 Homogenized images generated from the same prompt
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Table 2 Comparison of model performance under optimal parameters

A ZHE/10° FLOPs/10° PR SR W

(g EXH %) FScore/%  F,Score/%
Top 1 (&) 45.7 9.3 224X 224 98.81 97.84
Top 2 — — — — 97.18
HEAT % Top 3 — — — — 96.69
Top 4 — — — — 96.46
Top 5 — — — — 96.41
ResNet-152" 60.2 11.5 224 X 224 93.92 93.12
DenseNet-169" 14.2 3.4 224X 224 90.54 89.23
ResNeXt-101-64x4d"” 84 32.1 224X 224 92.70 91.87
- EfficientNet-B5"" 30.3 10.2 456X 456 95.58 94.75
P EfﬁciemNetVZr-M“‘“ 54.1 24.58 480< 480 97.04 96.62
MaxViT-T"" 30.9 5.56 224X 224 98.77 97.69
ViT-B/16™ 86.5 17.56 256X 256 98.52 97.29
SwinTransV2-B*" 87.9 20.32 256 X 256 99.10 98.08
ConvNext V2-1.-22k™ 198 34.4 224 X 224 99.57 98.34
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