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Infrared Small Target Detection with Bidirectional Feature Interaction
and Dynamic Scale-Aware Fusion
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Abstract: Infrared small target detection aims to identify small, low—contrast targets from complex backgrounds. Its performance depends on
the model’s ability to extract weak signal features, accurately characterize boundary regions, and suppress background interference. Existing
methods generally suffer from insufficient interaction between shallow structural information and deep semantic features , and poor adaptability
of static single—scale fusion strategies, leading to blurred target boundaries and decreased recognition accuracy in complex backgrounds.
Based on the MSHNet model, this paper proposes a detection model with a bidirectional feature interaction and dynamic scale—aware fusion
mechanism. The model achieves efficient feature interaction between the encoder and decoder through a bidirectional feature interaction mod-
ule, enhances target region response and boundary discrimination capabilities using lightweight channel attention, and then introduces a dy-
namic scale—aware fusion module. This module adaptively allocates fusion weights based on the contribution of features at different scales to
target recognition, thereby optimizing feature integration and strengthening boundary representation, effectively improving the target boundary
recognition capability. Experimental results on the NUDT-SIRST and IRSTD-1K datasets show that the proposed model improves the intersec-
tion—union ratio by 1.7% and 2.0% respectively compared to the benchmark algorithm, validating the model’s effectiveness.
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Table 1 Experimental results on the IRSTD-1k dataset

FR1 IRSTD-1k¥EE FHKIER (%)
Method Description ToU 1 Pd 1 Fa |
Top—Hat o 10.06 75.11 1432
Filtering
Max—Median - 6.998 65.21 59.73
WSLCM 3.452 72.44 6619
Local Contrast
TLLCM 3311 77.39 6738
1P1 27.92 81.37 16.18
NRAM 15.25 70.68 16.93
RIPT Low Rank 14.11 77.55 28.31
PSTNN 24.57 71.99 35.26
MSLSTIPT 11.43 79.03 1524
MDvsFA 37.34 83.71 88.52
ALCNet 65.68 89.25 27.71
ISNet 62.88 92.59 27.92
Deep Learning
DNANet 65.71 91.84 17.61
MSHNet 67.16 93.88 15.03
ours 68.90 94.22 8.88
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Table 2 Experimental results on the NUDT-SIRST dataset

%2 NUDT-SIRST##E& EHEIER (%)
Method Description IoU 1 Pd 1 Fa |
Top—Hat 20.72 78.41 166.7
Filtering
Max—Median 4.197 58.41 36.89
WSLCM 2.283 56.82 1309
Local Contrast
TLLCM 2.176 62.01 1608
1PT 17.76 74.49 41.23
NRAM 6.927 56.40 19.27
RIPT Low Rank 29.44 91.85 344.3
PSTNN 14.85 66.13 4417
MSLSTIPT 8.342 47.40 888.1
MDvsFA 35.86 85.22 95.37
ALCNet 72.89 96.19 30.40
ISNet 67.86 92.59 34.65
Deep Learning
DNANet - 79.98 96.93 12.78
MSHNet 80.55 97.99 11.77
ours 82.60 97.19 5.56
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Fig. 3 Visualization results on the IRSTD-1k dataset
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Table 3 Ablation experimental results on the IRSTD-1k dataset

=3 IRSTD-1kHEE FHHRIKINER (%)
BFI DSAF oU 1 pd 1 Fa |
67.16 93.88 15.03
N 68.58 92.86 10.93
v 67.95 92.52 8.96
J J 68.90 94.22 8.88

Table 4 Ablation experimental results on the NUDT-SIRST dataset

%4 NUDT-SIRST##E5% FRBEBISCIER (%)
BFI DSAF U 1 Pd 1 Fa |
80.55 97.99 11.77
J 80.88 98.03 16.80
J 81.46 96.91 8.72
J J 82.60 97.19 5.56
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