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AI-Generated Image Detection via Channel Variance Guided Feature Fusion

LUO Shigan, TANG Yuxing
(School of Information Technology, Guangxi Police College, Nanning 530028, China)

Abstract: Cross—model generalization remains a critical bottleneck in synthetic image detection, primarily because images produced by diffu-
sion models and GANs diverge significantly at both pixel-level statistics and high—level semantics. To bridge this gap, we introduce the Chan-
nel Variance—Guided Semantic—Pixel Feature Fusion Detection Method (CVGF). Our framework adopts a dual-branch architecture for feature
extraction. The pixel branch isolates low—level forgery fingerprints using a high—pass filtering strategy , while the semantic branch leverages a
frozen CLIP model to capture inconsistencies in high—level content. The central novelty of our work is a channel variance—guided fusion mod-
ule. Rather than simply concatenating features, this module models the statistical dispersion across heterogeneous feature channels and em-

ploys an extremely lightweight learnable base weight (W,,,) to adaptively amplify channels that carry critical tampering evidence. We bench-

base
marked CVGF against five representative generative paradigms: ProGAN, CycleGAN, GauGAN, VQDM, and DALL-E 2. The method dem-
onstrates strong cross—domain resilience. Notably, CVGF achieves 88.57% accuracy on CycleGAN (a gain of 36.71 percentage points over
baselines) , 79.17% on VQDM (up 16.52 points) , and a detection rate of 80.30% on DALL-E 2. These results underscore that allocating fea-
ture weights based on statistical priors successfully unifies pixel-domain artifacts with semantic inconsistencies , bolstering detector robustness
against previously unseen generative architectures.This method verifies the strong complementarity between semantic evidence and pixel evi-

dence, providing an effective technical path for addressing the increasingly complex field of Al-generated image detection.

Key Words: Al-generated image detection; feature fusion; channel variance; semantic—pixel dual branch; cross—model generalization
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Fig. 4 Comparison of baseline experiment results
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Table 3 Comparison of fusion strategies
3 BARRKLLE
HEAHIM A2 2 AL CVGF
Acc  Ace,  Acc, Acc  Ace, Acc, Acc  Acc, Acc;
ProGAN  99.80 100.00 99.60 99.81 99.95 99.68 99.81 99.95 99.68
GauGAN  65.56 33.44 97.68 65.60 33.90 97.30 65.80 34.18 97.42
CycleGAN 87.89 79.26 96.52 87.66 78.12 97.20 88.57 79.71 97.43
DALL-E2 73.65 67.80 79.50 74.40 67.60 81.20 74.50 68.70 80.30
VQDM 7893 79.60 7825 79.09 79.82 78.37 79.17 81.30 77.03
M Ace K F , CVGFAE 5 IR T 3B e s 51
e, Hoi 7 CycleGAN B8 0] 24 2 InALEE T+ 0.91 4~ 43
A5, GauGAN . DALL-E 2 . VQDM | 442 7+ & 4 0.08~0.20
AEG S BT E SRR K H Ty 10— B, UL E T 225G
PR 5 S RRUE R . AR b, CVGE 1Y Ace, 75
ZHOMAAE B, T 2 2T AL Ace ZEA IR 4E |
W& (AN DALL-E 2 1555 0.90 /4~ H 43 80 , 5t 79 o 558 s
FE P E A 1) B A AR 25 5, B CVGE X B S R (% 3 Fa fi
AL 2 S MAOH A G SRR U . SRS, CVGF  2¢ =
1536 > Z: 4 B 138 18 24 i [ 35 0 5, A BR
A SRy AP AL T S AR B B A . A, 3 SR FE Pro-
GAN L RIILT- A 25 (Ace 7€ 99.80% L) 1) . H
B RAE T, U 25l 5 DU 3R D YR s, A 4352 4% B0
TEZ R, fl G R NE22 5 RAEBEY T A4 SR
%
4.3 ESW
AW T CVGF 58 I i ik R I ZRR50% i
BERIN 2 ) S8R B2 FTA SR AR A — R 3
5% (RTX 4080 SUPER) |58,
ESEE L, CVGEF (1] 2 2 8000 30.72 K, ik
Table 4 Efficiency analysis experiment results
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Fig. 5 Comparison of training loss variation
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Table 5 Detection results under Gaussian blur perturbation

£S5 BHEMEHTHRUER (%)
A Acc Ace, Ace,
ProGAN 99.10 99.40 98.80
GauGAN 67.18 41.88 92.48
CycleGAN 81.07 76.38 85.77
DALL-E 2 75.55 65.80 85.30
VQDM 70.29 74.22 66.37

Table 6 Detection results under JPEG compression perturbation

ik plEAE R RS Sk P T Qe 5 SR *® 6 JPEG EHEME THIKNLER (%)
JHEL /s B /ms T HIFE S Acc Ace, Ace,
UnivFD 74.063 0 11.4807 0.769 ProGAN 96.71 97.33 96.10
PatchCraft 193.577 8 21.8197 119.17 GauGAN 70.91 88.28 53.54
CNNSpot 42.348 5 34212 23510 CycleGAN 71.04 91.67 50.42
Gram 37.4416 34236 11730 DALL-E2 64.20 98.70 29.70
CVGF 227.020 5 34.9829 30.72 VQDM 64.30 90.55 38.05
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Fig. 6 Local comparison of ProGAN and real images
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Fig.7 Comparison of CycleGAN and real images
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Fig. 8 Realistic images in GauGAN style
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Table 7 Comparison of detection results under different decision

thresholds
R7T ARARHETHRNERILER (%)
RS 4 {E=0.5 14 {E1=0.7
Acc Acc, Ace, Ace Ace, Ace,

ProGAN 99.81 99.95 99.68 99.60 99.98 99.23
GauGAN 65.80 34.18 97.42 68.12 40.32 95.92
CycleGAN 88.57 79.71 97.43 90.01 85.54 94.47
DALL-E 2 74.50 68.70 80.30 76.10 77.90 74.30
VQDM 79.17 81.30 77.03 78.60 86.23 70.97
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