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Abstract: Infrared small-target detection, a complex and critical task in computer vision, faces numerous
challenges—including tiny target sizes, low contrast, severe background noise, and limited data availability.
These factors significantly impair detection accuracy and real-time performance. Existing deep learning—
based algorithms, which predominantly adopt segmentation paradigms via deep encoder—decoder
architectures for generating segmentation masks, often exhibit limited precision in complex scenarios due to
inadequate feature representation and learning capabilities. Inspired by the notable success of diffusion
models in artificial intelligence, this paper introduces a novel approach by reframing infrared small-target
detection as a generative task and proposes a conditional denoising network, termed diff-ISTD. By
leveraging the strengths of progressive denoising and image reconstruction, diff-ISTD captures the deep
statistical properties of infrared images, enabling more precise identification of weak and ambiguous
small-target features. The proposed network consists of conditional branching modules for extracting prior
knowledge from infrared inputs and denoising branches for refining noisy segmentation masks. In addition, a
parallel dual-dimensional self-attention (PDSA) block is introduced to integrate spatial and channel
information, significantly enhancing the model’s sensitivity to global structures and local details. This design
effectively addresses the challenges of target blurring caused by resolution limitations and environmental
variability. Comprehensive experiments demonstrate that, under rigorous detection conditions, diff-ISTD
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outperforms current state-of-the-art segmentation methods in terms of performance and detection efficiency,

offering a promising direction for advancing infrared small-target detection technologies.
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Fig. 1 Illustration of the forward diffusion and reverse denoising processes
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Fig. 2 Overall framework of diff-ISTD, where PDSA represents the parallel dual-dimension self-attention block, Res represents the

residual block, and MCA represents the multi-head cross-attention module
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Table 1 Ablation study results

Experiment Model IoU nloU P4 Fa

1 w/o diffusion+PDSA 70.04 69.38 93.26 39.45
2 w/o diffusion 71.62 70.83 95.42 32.02
3 w/o PDSA 72.87 70.65 96.72 28.75
4 diffusion+SE attention 72.94 70.41 96.88 3242
5 diffusion+spatial-wise transformer 73.16 71.06 97.45 28.07
6 diffusion+channel-wise transformer 72.89 70.82 97.78 26.92
; diffusion+spatial & channel-wise trans- 2401 7198 0833 5553

former
8 diff-ISTD 74.45 72.81 98.52 20.13
®2 RS LR
Table 2 Experimental results on different algorithms
NUAA-SIRST IRSTD-1k
Method Params
IoU nloU Pq Fa IoU nloU Pq Fa

WSLCM 441 33.82 91.74 22593 3.45 0.68 72.44 6619 -
TLLCM 3.51 21.75 92.66 26498 3.31 0.78 7739 6738 -
IPI 2.62 4.16 84.40  203.07 2792  20.46 81.37 16.18 -
NRAM 45.68 55.49 85.32 161.15 1525 9.90 70.68 16.93 -
PSTNN 51.95 62.66 8257 39429 2457 17.93 71.99 3525 -
MSLSTIPT 20.21 24.74 82.57 25975 1143 5.93 79.03 1524 -
MDvsFA 4528  48.16  76.15 166.07 4245 4431 83.21 7854  3.77TM
ACM 6796  71.05 97.25 72.92 58.64 5694 9042 2357 039M
ALCNet 73.43 7144 9784  25.68 61.02 57.98 91.24  26.53 0.38 M
AGPCNet 7426  70.05 98.16  20.56 61.53 5832  92.02 2443 1236 M
diff-ISTD 74.45 72.81 98.52  20.13 62.65 60.18 93.53 21.03 029M
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Fig. 4 Infrared image detection results of different algorithms on NUAA-SIRST datasets
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