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Improved Infrared Small Target Detection Algorithm Based on SSE-YOLO

DA Mei, JIANG Lin, TAO Youfeng, HU Miao
(Faculty of Science, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: To address the problems of a small infrared imaging area, low resolution, and ease of occlusion—
resulting in incorrect detection, missed detection, and low detection accuracy—this paper proposes an
infrared small-target detection algorithm based on SSE-YOLO. Firstly, a depth non-stepwise convolution
module is introduced on the basis of YOLOv8s to avoid the loss of fine-grained information during the
detection process and to improve the efficiency of feature learning. Then, a detection layer specialized for
small targets is added in the feature extraction stage to improve the model's ability to extract infrared small
targets. In addition, an efficient dual attention mechanism (EDAM) is designed to adaptively learn the
importance of each channel and spatial location to better capture key information in the image. Secondly,
the Shape IoU loss function is used to focus on the shape of the boundary itself and its scale, which further
improves the accuracy of boundary regression. Finally, a series of experiments were conducted on the FLIR
dataset and a dataset captured by IRay. The results show that the average accuracies of the proposed method
on the two datasets reach 89.8% and 92.1%, which are 3.3% and 2.9% higher than those of the original
model, respectively.

Key words: YOLOVSs, infrared small target detection, space-to-depth convolution, shape IoU Loss, dual-
attention mechanism
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Table 1 Experimental parameters

Parameter Value

Learning rate 0.01

Weight decay factor 0.0005

Batch size 32

Epoch 300

Image size 512x640
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Table 2 Data categories and quantities

Data categories  Quantities
Cars 29691
People 16356
Bicycle 3618
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Table 3 Comparison of attention mechanisms

mAP@

Model mAP@0.5 P R
0.5-0.95
v8s 86.50% 46.50% 91.08%  78.93%
v8s S S 88.60% 51.30% 92.51%  79.78%
+SimAM 88.80% 52.60% 91.20%  80.25%
+CPCA 88.30% 52.80% 92.10%  81.30%
+SegNeXt 88.90% 52.50% 90.75%  82.12%
+MLCA 88.20% 51.20% 93.70%  82.22%
+EDAM 89.56% 52.30% 93.67%  84.92%

SSE-YOLO 53k 3% & 77 HL i) oSk M8 6 2 oK%
C2f Mk th/E EDAM BRI . 3 4 P Feat;
(i=0,1,2,3) 735 93EE C2f 4 i IRRFAIEZ -

® 4 AFRHLERRCR
Table 4 Effects of different feature layers
mAP@

mAP@0.5 0.5:095 P R
v8s 86.50% 46.50%  91.08%  78.93%
+Feat0  89.56% 5230%  93.67%  84.92%
+Featl  89.39% 50.30%  93.24%  80.47%
+Feat2  89.19% 47.00%  92.89%  81.23%
+Feat3  89.35% 50.10%  92.48%  83.29%

mEk 4 KWEERFUR, HXALERG R, #
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Table 5 Experimental on ablation of improved YOLOvS8s

Model +head SPD EDAM Shape IoU mAP@0.5 mAP@0.5-0.95
Experiment 1 X x X x 86.50% 46.50%
Experiment 2 S x x x 88.14% 47.40%
Experiment 3 S S x x 88.60% 51.30%
Experiment4 \ \ x 89.56% 52.30%
Experiment 5 \ \ \ 89.80% 53.00%

(a) YOLOVSs
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(b) Improved YOLOVS8s
Kl 7 YOLOvS8s Flilt 5 ) YOLOvS8s 7E FLIR &4 b i) nl WAk 45 Sxt L
Fig. 7 Comparison of visualization results between YOLOv8s and improved YOLOv8s on FLIR dataset
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Fig.8 Comparison of P_R results between initial YOLOvS8s and improved YOLOvS8s on FLIR dataset
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Table 6 IRay dataset labeling information

Data categories  Quantities
Car 92979
Truck 10618
Person 6170

Bus 3968
Cyeclist 4626

Bike 47478
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Table 7 IRay dataset detection performance comparison

mAP@0.5-
Model mAP@0.5 P R
0.95
YOLOV8s 89.2% 58.8% 86.1%  83.6%
SSE-YOLO 92.1% 62.4% 86.8%  88.3%

MSERZE RTT LU 7R R 20 5P R A A
AORE FEAR T BAAAE ™ A i 0L, el it e,
AR R SR RN B AR T AR

(b) Improved YOLOVS8s
Bl 9 YOLOv8s ekt J5 i) YOLOv8s 7 S Hit HU B HE £ b i T AR AL 45 SRxf L
Fig. 9 Comparison of visualization results between YOLOv8s and improved YOLOv8s on IRay dataset
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Table 8 Comparison of results of different target detection algorithms

Model mAP@0.5 mAP@0.5-0.95 P R FPS  Detection time/ms
v3-tiny 60.10% 40.13% 72.92% 53.31% 218.8 1.1
v5s 81.20% 41.80% 88.50% 74.70%  83.1 2.4
v5s S 82.6% 45.90% 90.10% 78.81%  80.1 2.6
v6s 84.0% 47.8% 87.10% 77.60% 100.5 1.4
v8s 86.50% 46.50% 93.08% 78.93% 91.4 1.6
v8s_S 88.14% 48.56% 92.76% 81.81% 84.2 23
SSE-YOLO 89.80% 53.00% 92.67% 84.73%  82.8 2.2

5 g
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