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Abstract

Most object detection models based on deep learning are primarily designed for RGB images. However, they suffer from poor
accuracy in various environmental conditions such as nighttime, fog, rain, and snow. On the other hand, IR (Infrared) images are
processed with only thermal information, so the resolution is lower than RGB images, but they are less sensitive to environmental
conditions. While there are various object detection models using deep learning recently, YOLO, known for its high accuracy and
fast processing speed, has been widely adopted. However, since YOLO is designed based on RGB images, it needs to be adapted
for IR images to perform object detection effectively. In addition, in order to use deep learning algorithms that require a large
amount of computation in edge devices, it is necessary to reduce weight for real-time processing. In this paper, in order to modify
and reduce the weight of the existing YOLOVS model to fit the IR image, the existing three-layer head was reduced to two layers,
and CBAM was added to improve accuracy. In experimental results,, the precision of the model proposed in this paper was
95.5%, mAP50 was 96.4%, and the parameters were 1.6M. Compared to the existing model YOLOVS5s, the precision decreased by
2.4%, but the parameters decreased by 4.375 times. In addition, as a result of converting the proposed model to the TensorRT
model, mAPS50 decreased by 1.6%, but in terms of speed, the result was 25fps higher than the proposed model.
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Table 3. Performance comparison of existing model and proposed model

Precision mAP50 Parameter Pre-processing FLOPs
YOLOv5s 96.6 98.6 ™ 32.572 m/s 16.5
2scale YOLOv5s 94.2 95.5 1.5M 22.325 m/s 125
Proposed Model 95.5 96.4 1.6M 24.481 m/s 12.6
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