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Abstract: Aiming at the problem of target misdetection and missed detection in infrared images under complex
street backgrounds due to factors such as occlusion and lack of texture details, this paper proposes an infrared
target detection algorithm for complex street scenes. Using YOLOvS8n as the baseline model, firstly, a multi
branch convolutional structure is designed to enhance feature extraction and expression. Structural
reparameterization is used to decouple the training and inference stages, improve the inference speed of the
model, and global self attention estimation is introduced to accelerate the calculation of attention. The time
complexity is reduced to O(n), enabling the convolutional kernel attention to achieve dynamic identity.
Secondly, combining the advantages of depthwise separable convolution and deformable convolution, after
feature fusion between the upsampling results and the output features of the backbone network, a salient
information aware deformable convolution attention gating mechanism is introduced to improve the semantic
information richness of the fused features. Finally, An efficient intersection and union ratio replace the
localization loss function, calculate the length and width influence factors of the predicted box and the true
box separately, and accelerate the convergence speed. Validation experiments were conducted on the Flir
dataset, and the average accuracy of the improved algorithm reached 79.5%, which is 3.9% higher than the
YOLOvVS8n algorithm. This validates the superiority of the proposed algorithm in infrared target detection under
complex street backgrounds.
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Table 2 Comparison of experimental results

Models FLOPs/G  Size/MB Carl% Bicygg% Person/% mAP(IoU=0.5)/% FPS
YOLOVS5s 15.8 13.76 90.3 62.6 83.0 78.6 80.4
YOLO-IDSTD!! 3.0 7.36 83.1 448 72.4 66.8 -
FEID-YOLOP3! - 20.62 76.5 36.6 58.7 57.3 -
YOLOV7-tiny 13.0 11.72 90.1 61.5 83.8 78.5 108.2
MSC-YOLO 5.9 4.63 89.2 62.3 83.1 78.2 96.3
FS-YOLOv5s?4 - 10.72 89.1 59.2 81.5 76.6 -
YOLOv8n 8.9 5.96 89.3 56.8 81.3 75.6 117.6
IMPROVED-YOLOvV8n 9.6 6.52 90.2 66.3 82.1 79.5 114.1

£ 3 REEALE VOC 2007 e st gl 1
Table 3 Comparison results of different models on the VOC 2007 dataset

Models Input image size  Size/MB  mAP(IoU=0.5)/% FPS
DPM-v5[23] - - 32.1 0.7
DPM-CFI2] - - 30.6 5.2
Fastest-DPM[?7] - - 304 28.6
Faster R-CNN(VGG) 600*1000 462 81.5 13.5
SSD(VGG) 512*512 105.8 77.2 49.5
DSSD(ResNet101) 321*321 490.3 78.4 9.5
FSSD(VGG) 300*300 - 78.6 68.5
YOLOVS5s 544*544 28.8 73.5 76.2
YOLOv8n 512*640 5.96 76.8 104.3
IMPROVED-YOLOv8n  512*640 6.52 79.4 100.7
Table 4 JHmSEE:
Table 4 Ablation experiment
Models MBC-GSAE DAC WIoU Car/% Bicycle/% Person/% mAPos/%
89.3 56.8 81.3 75.6
VOLOVEM V 89.6 617 81.6 77.6
v V 89.8  64.9 81.8 78.8
V V V 902 66.3 82.1 79.5
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(a) Original

(b) YOLOV8n

(c) IMPROVED-YOLOvS8n

Ko JRKE. YOLOv8n LLK kit YOLOvSn K ill4h Foxf b
Fig.6 Comparison of the original image, YOLOv8n and improved YOLOvVS8n detection results
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