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Multiscale Infrared Object Detection Network Based on YOLO-MIR Algorithm
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Abstract: To address the low detection accuracy and poor robustness of infrared images compared with visible
images, a multiscale object detection network YOLO-MIR(YOLO for multiscale IR images) for infrared
images is proposed. First, to increase the adaptability of the network to infrared images, the feature extraction
and fusion modules were improved to retain more details in the infrared images. Second, the detection ability
of multiscale objects is enhanced, the scale of the fusion network is increased, and the fusion of infrared image
features is facilitated. Finally, a data augmentation algorithm for infrared images was designed to increase the
network robustness. Ablation experiments were conducted to evaluate the impact of different methods on the
network performance, and the results show that the network performance was significantly improved using the
infrared dataset. Compared with the prevalent algorithm YOLOV7, the average detection accuracy of this
algorithm was improved by 3%, the adaptive ability to infrared images was improved, and the accurate
detection of targets at various scales was realized.
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Table 1 Comparison of YOLOV7 data expansion methods on different data sets

mAPso / %
Category  Dataset YOLOvV7 YOLOvV7
(clip,rotating, overturn)  (inverse only)
Visible Vocl!% 84.0 84.2 021t
CoCo 69.7 67.9 1.8}
Terminal KAISTI!] 94.6 97.1 251
FLIR 89.4 90.9 1.51
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Table 3 Experiments comparing YOLO-MIR with other networks on FLIR dataset

Methods mAP/% Person/% Bicycle/% Car/% Parameters FLOPs/B

Faster R-CNN 79.2 76.4 72.5 88.4 41.2M 156.1
YOLOv4 79.3 76.2 75.1 87.3 63.9M 128.3
YOLOvVSm 81.6 78.0 78.1 89.2 35.7M 50.2
SMG-Y! 77.0 78.5 65.8 86.6 43.8M 54.7
PMBW!22" 77.3 81.2 64.0 86.5 36.0M 120.0
RGBT 82.9 80.1 76.7 91.8 82.7M 130.0
YOLO-ACN 82.1 79.1 57.9 85.1 34.5M 111.5
YOLOvV7 89.7 88.6 87.2 92.8 36.9M 104.7
YOLO-MIR 92.7 91.1 91.0 97.2 37.0M 104.8
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Fig.8 Comparison of prediction results of each network
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