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Abstract

To address the challenge of authenticating Al-generated images arising from the rapid development
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of generative artificial intelligence, and to overcome the limitations of existing detection methods
that rely on single-modal features and exhibit limited generalization capability, this study aims to
improve detection accuracy and robustness against unknown generative models and complex post-
processing operations. We first design a channel-spatial attention adaptive residual module, which
enhances key features-including high-frequency noise, edge gradients, and frequency-domain
transform characteristics-through a dual-attention mechanism and an adaptive fusion strategy;
then we introduce a residual ring-enhanced multi-head attention mechanism that appends a resid-
ual ring after the standard multi-head attention computation to perform iterative nonlinear post-
processing on the attention output, thereby increasing the representational complexity of feature
interactions; and finally we perform stable fusion of multi-level features. Experimental results on
the Genlmage dataset demonstrate that the proposed method achieves a detection accuracy of
99.67% on images generated by seven mainstream generative models, significantly outperforming
existing state-of-the-art methods. The proposed method exhibits superior generalization capability
and robustness, effectively handling unknown generative models and complex post-processing op-
erations, thus providing an efficient and reliable technical approach for Al-generated image detec-
tion.
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Figure 1. Overall framework of the proposed method
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Table 1. Comparison of experimental results

1. LSRR

gt Precision score Recall score Fi1or 48
SCHR[14] 0.9199 0.9159 0.9179
SCHR[2] 0.9947 0.9718 0.9841
SCHR[13] 0.9889 0.8557 0.9175
SCHR[10] 0.9476 0.9536 0.9507
SCHER[21] 0.8743 0.8743 0.9628
CHR[22] 0.9826 0.9779 0.9802
R2-MFAINet 0.9967 0.9919 0.9956
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Figure 2. Confusion matrix
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Table 2. Generalization experiment results
2. ZUTWER

Precision score Recall score Fi1or 3

Midjourney 0.8310 0.7125 0.6950
stablediffusion 0.8881 0.9063 0.7350
VQDM 0.8010 0.8003 0.8253
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Table 3. Ablation experimental results
3. HRMSLIREER

R FEIHE B UKL FERETIHON 4 FERIIRHON 8 FEREIIHON 16
0 94.11% 95.96% 95.01%
1 96.64% 97.49% 97.33%
2 99.60% 99.48% 97.12%
3 97.98% 99.67% 96.55%
4 96.11% 98.99% 94.01%
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Table 4. Ablation results of different modality branches
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~ x x X X 95.96%
N x N N V 99.39%
R N R x 99.47%
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Figure 3. Interpretability analysis
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