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Low altitude lightweight infrared weak small target
detection algorithm
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Abstract: Accurate infrared small and weak target detection is the key to real-time monitoring, tracking, and guid-
ance. Infrared weak and small targets have problems of high detection difficulty, high false detection, and serious
missed detection. In this paper,an ultra-lightweight infrared dim small target detection algorithm SL-YOLO is proposed
to improve the real-time performance and detection accuracy of infrared dim small target detection algorithms. Firstly,
the downsampling scheme is redesigned to adjust the network architecture for the infrared image feature information to
solve the problem of feature gradient reduction and feature disappearance for infrared weak targets. Then, a network
model pruning algorithm is designed to integrate pruning algorithm with network structure ,removing redundant param-
eters, and improving detection speeds. Finally,the SloU Varifocal loss function is designed to equalise the positive and

negative samples with overlapping losses while weighting the positive samples to solve the problem of background in-
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terference. The experimental results show that the detection accuracy is improved to 96.4 % and 98.1 % under the

SIRST and IDSAT datasets , respectively. The model volume and computational complexity can be compressed to 190

kB and 0.9 GFLOPs, and the inference speed is reduced to less than 3 ms. Comparing with the mainstream algo-

rithms , the improved algorithm has achieved good results in terms of detection accuracy,model volume ; computational

complexity. It can meet the real-time detection requirements.
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Tab. 1 Reconstruct CSPDarkNet structure

Module Parameter Filters Size Output
Focus 3520 32 (1,1) 320 x 320
Conv 18560 64 (3,3) 160 x 160

c3 18816 64 / 160 x 160
Conv 73984 128 (3,3) 80 x 80

c3 146928 128 / 80 x 80
Conv 295424 256 (3,3) 40 x40
SPPF 164608 256 3 R RAE 40 x40
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Fig. 2 Structure diagram of feature fusion network
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Tab.2 Comparison of performance metrics of different pruning rates on the dataset

SIRST IDSAT
Model

mAP/ % Precision/% Recall/ % F1/% mAP/ % Precision/% Recall/ % F1/%
0. 1 prune 93.41 94.4 91.4 92.9 96. 65 97.9 95.8 96. 8
0.2 prune 93.15 92.0 89.8 90.9 96. 54 97.7 94.1 95.9
0.3 prune 92. 68 90. 4 88.3 89.3 96. 49 97.6 95.6 96. 6
0.4 prune 92.31 94.0 86.5 96. 42 97.7 95.4 96.5
0.5 prune 92.02 90.5 89.1 89.8 96. 25 96.9 95.5 96.2
0. 6 prune 91.75 92.1 88.6 90.3 96. 18 96.9 95.3 96. 1
0.7 prune 90. 81 91.9 88.3 96. 04 96.7 93.6 95.1
0. 8 prune 90. 69 92.7 87.7 95.68 96.7 93.2 94.9
0.9 prune 89.96 92.9 81.2 86.7 91.79 89.6 85.7 87.6
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Tab. 3 Comparison of performance metrics after Varifocal-SloU fine-tuning with different pruning rates

SIRST IDSAT
Model
Precision/% Recall/% AP/% F1/% Precision/% Recall/% AP/% F1/%
0.1 prune 94. 81 9.5 93.7 9. 1 97.72 99.0 96. 1 97.5
0.2 prune 93. 41 92.9 92.2 92.5 97.65 98.5 96.0 97.2
0.3 prune 93.39 90. 6 90. 6 90. 6 97. 61 98.6 95.9 97.2
0. 4 prune 93.31 9. 1 89. 8 90. 4 97.59 98.5 95.9 97.2
0.5 prune 93.00 93.5 90. 6 92.0 97.54 98.5 95.8 97.1
0.6 prune 92. 64 93.5 90. 6 92.0 97.39 98.4 95.6 97.0
0.7 prune 92.49 94.9 88.3 91.5 97.23 98.4 95.3 96.9
0. 8 prune 91.98 9.7 89.0 90. 8 96. 45 97.4 9. 1 95.7
0.9 prune 90. 32 90.9 85.9 88.3 92.30 90. 8 86.4 88.5
k4 HEER
Tab. 4 Ablation experiment
SIRST IDSAT

Bk H Varifocal-SloU BA
mAP/ % P/% R/% mAP/% P/% R/%
e / / 92.3 92.6 88.3 95.4 97.6 95.1
A vV / / 93.5 93.7 92.2 97.1 98.4 95.7
B / vV / 95. 4 96.0 93.8 97.5 98. 4 95.9
C VvV vV / 96. 4 95.3 95.3 98.1 99.2 96.3
D Y / 50 92.02 90. 5 89.1 96. 25 96.9 95.5
E VvV vV 50 93. 00 93.5 90. 6 95. 68 96.7 93.2
F VvV / 80 90. 69 92.7 87.7 95. 68 96.7 93.2
G v v 80 91.98 92.7 89.0 96. 45 97.4 9. 1
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O B Uk SL-YOLO B8 4k X 2L Ah 55 /N H AR K 5 (HHESRAS () A AR5 080, RS 1t e A [F] 7 FH PR 5 ik
Dy Je ok 1k, X SL-YOLO it A7 XF b 5 B, B A7i7Y, i AR N i Sl ok o

SL-YOLO 5 Y if RSk dEAT X b, W3k 5 fisk KR, SL-YOLO 53k AR B AR T4
6 fIr 7R o SRR IR JSE R LA [a] | 374 BRI, RERE 1l

SL-YOLO B fE M R B A A &4 H,  RLM/NEE bRk
%5 T REH ikt SIRST 4y fb 35 47 He 5

Tab. 5 Comparison of performance metrics of different algorithms for SIRST

Method Backbone Precision/ % Recall/ % AP/ % FLOPs/GFLOs SR/ m Runtimes/ms
Faster R-CNN ResNet 101-FPN 88.3 79.5 83.6 401.9 136.7 378.4
SSD SSD-VGG 68.3 54.8 58.6 273.4 23.6 63.8
YOLOv5 CSPDarknet-53 92.6 88.3 92.3 16. 4 7.1 9.9
YOLOX CSPDarknet-53 90.3 91.6 89.7 26. 6 34.3 24.7
YOLOv7 CSPDarknet-53 83.6 86. 4 85.8 103.3 36.5 10.3
CenterNet DAL-34 80.3 72.5 74.6 109.3 32.7 36.6
SL-YOLO CSPDarknet-53 95.3 95.3 96. 4 11.3 1.9 5.2
Our(0. 7 prune) CSPDarknet-53 94.9 88.3 92.5 1.9 0.2 2.92
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Tab. 6 Comparison of performance metrics of different algorithms for IDSTD

Method Backbone Precision/ % Recall/ % AP/ % FLOPs/GFLOs SR/ m Runtimes/ms
Faster R-CNN ResNet 101-FPN 88.8 71.5 78.2 401.9 136.7 372.0
SSD SSD-VGG 36.6 75.9 51.7 273.4 23.6 63.2
YOLOvS CSPDarknet-53 97.6 95.1 95.4 16.4 7.1 9.8
YOLOX CSPDarknet-53 92.7 93.6 88.9 26.6 34.3 25.1
YOLOv7 CSPDarknet-53 79.5 75.8 83.7 103.3 36.5 10. 1
CenterNet DAL-34 83.2 61.5 68.4 109. 3 32.7 36. 54
SL-YOLO CSPDarknet-53 99.2 96.3 98.1 11.3 1.9 5.1
Our(0. 8 prune) CSPDarknet-53 97.4 94. 1 96.5 1.1 0.1 2.89
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Fig. 5 Detection effect under different models
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Fig. 6 Detection effects of different pruning rates

on maritime infrared targets
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Fig. 7 Detection effects of different pruning rates on terrestrial

background infrared targets
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Fig. 8 Effect of different pruning rates on aircraft infrared detection
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