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Infrared Multi-Scale Target Detection Algorithm Based on RCR-YOLO
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Abstract: Infrared target detection has been widely used in both military and civilian fields. To address the
issues of missed and false detections in infrared multi-scale target detection under complex backgrounds, an
improved YOLOv5s algorithm, RCR-YOLO, is proposed in this paper. First, the backbone network
CSPDarkNet53 of the original YOLOvV5s was replaced with ResNet50 to avoid gradient vanishing caused by
the deep network and to enhance the network’s feature extraction capability. Subsequently, the CA attention
mechanism module was added to the end of the backbone to capture feature information from different
locations. Finally, the Res2Net module was added to the neck network to improve the network’s
representational ability and process multi-scale feature information by introducing a multi-branch structure
and progressively increasing resolution, thereby enhancing detection performance. Experimental results show
that this method outperforms mainstream target detection algorithms such as Faster R-CNN, SSD, and
YOLOv3. Compared to YOLOv5s, mAP50-95 increased by 1.1%, while mAP50 remained at 99.5%,
indicating better detection performance. The algorithm effectively performs multi-scale infrared target
detection under complex backgrounds.
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Table 1 Experimental training parameter

Parameters Value
Epochs 100
Batch-size 16
Optimizer SGD
Learning rate 0.01
Warmup_epochs 3

Weight_decay 0.0005
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Table 2 Ablation results
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APso/(%) APs0-95/(%)
P R MAPso  MAPso-95
Model  Algorithm Aero- Aero- FPS
Interference Interference /% 1% 1% /(%)
plane plane
A YOLOV5s 99.5 99.5 69.1 87.2 99.4 99.7 995 78.2 81.3
B YOLOv5s+ResNet50 99.4 99.5 69.3 88.2 99.7 996 995 78.8 27
C YOLOv5s+ResNet50+CA 99.5 99.5 69.4 88.4 995 99.8 995 78.9 28.2
YOLOV5s+ResNet50+CA+
D 99.5 99.5 69.8 88.8 996 99.6 995 79.3 28.2
Res2Net(RCR-YOLO)
£33 e R
Table 3 Comparative experimental results
) APso/(%)
Algorithm P/(%) R/(%) MAPs0/(%) FPS
Aeroplane Interference

Faster-RCNN 85.5 97.9 73.3 93.1 91.7 6.3

SSD 97.7 97.9 98.5 85.9 97.8 56.4

YOLOv3 98.7 97.5 97.1 92.8 98.1 18.4

RCR-YOLO 99.5 99.5 99.6 99.6 99.5 28.2
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