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bring many conveniences, they also come with many security risks. If forged images generated using CG technol-
ogy are maliciously used and widely spread on the Internet and social media, they may harm the rights of individu-

als and enterprises. Therefore, an innovative cross-stream attention enhanced central difference convolutional net-
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work was proposed, aiming at improving the accuracy of CG image detection. A dual-stream structure was con-

structed in the model, in order to extract semantic features and non-semantic residual texture features from the im-

age. Vanilla convolutional layers in each stream were replaced by central difference convolutions, which allowed

the model to simultaneously extract pixel intensity information and pixel gradient information from the image. Fur-

thermore, by introducing a cross-stream attention enhancement module, the model enhanced feature extraction ca-

pability at the global level and promoted complementarity between the two feature streams. Experimental results

demonstrate that this method outperforms existing methods. Additionally, a series of ablation experiments further

verify the rationality of the proposed model design.

Keywords: computer graphics, CG image detection, central difference convolution, attention mechanism
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Figure 1 CG image and real natural image
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Figure 2 The structure of the model
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Figure 4 Central difference convolution
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0.000 2, Vll%k BatchSize X &} 32, Epoch & N
120 FENZRIE R, ASTAE FH AR 5ZIR K RIS 2
IR BAT R, KSR E: T, =120,
N =1 % 107,
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N TR TR R, AR T 8N
ITHT CG BUGAMIK vk T SEgex b, LR EdS
ScNet!, Yaol®l, SPL2018P°). Hel'%. Zhang!!!)
QuanNet!'?l, CGNet!"3 A TextureNet!'¥, >y 1 {44IF
XFECE AP, B s b7 ik B A A SR
AN BRI 5 5 38 5 PR 0T VR R 3
3.5 AFHIBERNER

N T BGAE PR U5 VR AE CG G AS AT %5 _E 1
R, ARICAE 3N BARSHAT 75X, Se5e
SERUIR 2 TR . BT i e e 7 B oK
LSCGB %4 % b X & 7 ik e ge k47 1 VP Ah -
ATLE B, 8 AN LT vk A 3 AN TV IE A R
L T 90%, Hrh QuanNet (R I GH . 1 5
BITFARL, BRIV 3 NI R bR L3 LT
TIRIFHI SIS 45, ACC. TPR. TNRIX 3 /Mg
bRy 9353 7 98.33%. 98.57%. 98.09%, H7E
LSCGB #5145 £ b & I 5 — 1 () QuanNet #H Lt ,
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Table 2 The experimental results on public datasets
. LSCGB SPL2018 DsTok

e ACC TPR TNR ACC TPR TNR ACC TPR TNR
ScNet!™ 87.48% 88.72% 86.24% 91.78% 92.25% 91.31% 84.07% 83.92% 84.23%
Yao'* 86.44% 88.85% 86.06% 91.56% 87.06% 96.06% 81.75% 78.25% 85.26%
SPL2018™ 91.00% 91.03% 90.98% 94.09% 91.50% 96.69% 86.13% 87.01% 85.26%
Hel'"] 85.95% 84.11% 87.78% 88.66% 97.88% 89.44% 81.13% 72.89% 89.38%
Zhang!'" 95.19% 95.56% 94.82% 93.44% 93.63% 93.25% 90.72% 90.52% 90.93%
QuanNetH'?] 96.90% 97.00% 96.80% 95.56% 95.19% 95.94% 92.78% 92.06% 93.51%
CGNet'* 93.83% 94.55% 93.10% 95.59% 95.94% 95.25% 94.79% 93.81% 95.77%
TextureNet''*] 94.37% 94.58% 94.16% 93.22% 93.06% 93.37% 95.05% 95.46% 94.64%
W& 7772 98.33% 98.57% 98.09% 96.94% 96.63% 97.25% 96.70% 96.49% 96.91%

FEARLCRRE TR, XK T Frig AR EUR B
KRS LA Rk,

Vo B R 7 AT Y KW R 5 R S AN A
a4 EROR, A SCHE SPL2018 Al DsTok iX 4™
BAE AL B & OB R EAT T VA . L, TE
SPL2018 ##54E b, e ik iies 7 sALnai i,
ACC. TPR. TNR X 3 445 45 4 5 A 96.94%-
96.63%- 97.25%, SRILE ) CGNet HH L,
3ANERR D AR T T 1.35% 0.69%- 2.00%. i
7t DsTok #5548 I, Frig m ik FFE IS T B
SISEER, 3PN TRRR 3 8 96.70% . 96.49%
96.91%, 5% £ TextureNet #H L, 3 M E#R
SERTE T 1.65% 1.03%. 1.27%. 7 SPL2018
F DsTok 1% 19 ™ £ 4 5 0/ I B HE B 1 (1) 52 56 485
RRY, NGRS, it
LFRERERE IS LL R R PERE, X R AT 7%
RE AR I b 3G S AN [R) A B AR RUBE, RIS AH Y
ANV CG BRI AS T RE -

3.6 BHIBRERNZER

HT RS 5N, RETGIEIRILCG BB
PIRIFEANFISE, BRI E CGR T E R & — %
Pz AeveRe, DAY RAZERP CGEIER. AT
BOAUE BT T VR I A RE, A SO T — A EL
PEEEA I Sns . ERsh, A SO S0k ATt ik
AN A 74 LSCGB $di 48 EE T4, SR
JG7£ SPL2018 Fl DsTok iX M4 45 L it 47 I3,
LA e AN B4 I ACC HE bR . BRI 9286 45
RuR3IFR, WTLER, BT EEE g R
WA EWNZESR, &I R LR

HARAEAE T RE T B B, (R BT R 7 VAT AR A
TRAERIR . HARKRUL, BT 7% 4E DsTok %4
P IS T RMAERSG R, ACCILET
98.56%, FHEEE — 44 1) QuanNet #2£ 7+ 1 3.25%;
7E SPL2018 4 4 | 5 AR AR B AT fe () 25 R
{H 5 & It 19 J7 ¥k ScNet £ 5 A K, H ScNet 7
DsTok ##E 4 bR IEANT . MifE A EdE
R ERFIRI b, B A AR A kR A
ARARIIFETE, ACCIEE]T 88.97%, 55 41
TextureNet L, $2T+ 7T 1.65%. H LIRS s:

KU, BT ITEAMAE SR 45 N Re 8 U0 = 1)
SIGEE R, EEHURER IR ) B EA A
PRI, XRFTIE LA RGZ .
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Table 3 The experimental Cross-dataset results

. ACC
7k SPL2018 DsTok Avg
ScNett”! 80.78% 77.89% 79.34%
Yao'* 64.94% 72.11% 68.53%
SPL2018™- 55.44% 84.95% 70.20%
He!'"] 75.16% 71.34% 73.25%
Zhang!'" 40.00% 90.77% 65.39%
QuanNet!'?! 64.62% 95.31% 79.97%
CGNet'* 80.44% 93.04% 86.74%
TextureNet''*] 80.00% 94.64% 87.32%
& 52 79.37% 98.56% 88.97%

3.7 ItEEZEXLE
P AR TR (10 - 530 5 2% B 4 B A TR 3 2 I 1)
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TR, ARSON S TR E R AR BEAT TR
th, WX 4R, HA MAC AR R R AR
(multiply-accumulate operation), FLOP AiF fiiz
B RHL (floating point operation) , Param NS
o ATLLER], JUANBRR R S
e HEMSHE FANE D, (HEAA BRI RE
SR EU R AR BRI ZE B s 1 T
TIES A BT AL, fEF fUs H & FIF
BHWEERT, HESHE FED. XU PTR
D7 A AR, RS A A
IS LT 5T T CG BEUS R4 e .

®4 HEEREIL

Table 4 Computational Complexity Comparison

Bk MAC(G) FLOP(G)  Param(M)
ScNett”? 1.59 3.17 43.22
Yao'®! 0.11 0.22 0.04
SPL2018™? 1.62 3.24 0.70
Hel'0d 3.70 7.41 0.78
Zhang'" 0.71 1.42 0.06
QuanNet ! 16.54 33.08 68.90
CGNet!' 13.89 27.78 10.18
TextureNet''+! 21.10 4220 21.49
IR RS 23.99 47.97 7.99

3.8 JHELSEIG

N T G UE BT 3 7 2 ARG o (A
AL T — RAN B SL e, I RS AR
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BE LR T AR PO ZES BB, £34
o b, 0 2ZE S BRI E ACC 57
TF0.27%. 0.63%-. 0.26%, fd TPR 43 42 T+
0.55%-. 1.32%-. 0.61%, {H7E TNR 4545 L,
AN ERE e, BT Ese G EAERA
BN B S RN A 2 R OB AR A AR, IR R
22 57 45 AR e 0 IR 47 1 55 B AR 2R 8 A 0 3 5 1
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HE SCRFAE [R5 AT DS I rp o 22 50 B 7
PREPE, RIS G R B IS S P B SO AE
I 2 ) G A B SRR AE 5 VB SCRFE 2 8] FA Bk
Z; KT SRM, w2 B HE— 554k
T X SUHERARRAE B ELEE J7,  Hili 2R A A SR
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3.8.2 BAIEE IR A 2K

NT S E SR R A A o, R
AT T T RRSES, RS R ) AR
LB, SLEREERuK S 4T (w/o Attention)
Fione ATLAE B, FEWINT BT s ) s s
Jo, BRI PERRTE 3 N R AR EIAEE AR [RIRE A
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Table 5 Ablation experiments
LSCGB SPL2018 DsTok
Variants
ACC TPR TNR ACC TPR TNR ACC TPR TNR

w/o CDC 98.06% 98.02% 98.10% 96.31% 95.31% 97.31% 96.44% 95.88% 97.01%
w/o Attention 97.92% 97.89% 97.95% 96.28% 95.56% 97.00% 96.55% 97.32% 95.77%
w/ RGB i 96.84% 97.24% 96.44% 95.44% 93.87% 97.00% 94.48% 94.85% 94.12%
w/ SRM ¥ 98.10% 98.27% 97.93% 95.94% 94.75% 97.12% 95.98% 96.29% 95.67%

iR ReS 98.33% 98.57% 98.09% 96.94% 96.63% 97.25% 96.70% 96.49% 96.91%
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Figure 7 Feature map visualization comparison
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