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Abstract Object detection has long been a research hotspot in the field of computer vision, and the YOLO
series of object detection models is widely used in numerous fields. However, most current image data for
object detection are based on a single type of sensor, which makes it difficult to fully characterize the imaging
scene. The detected objects contain limited useful information, especially under conditions of low
illumination, night, rain, and fog. To improve nighttime object detection, our study proposed a multi-attention
mechanism for infrared and visible images. This mechanism combines the CBAM attention mechanism with
a Transformer to obtain rich local and contextual information and reduce false detections. To verify the
effectiveness of the method, five current mainstream object detection algorithms were selected and tested on
a public infrared object detection dataset. The mAP of the proposed method improved from 62.6% to 71.5%
compared to the original YOLOV7. This study also produced an infrared—visible fusion dataset for nighttime
object detection. On this dataset, the mAP improved significantly from 79.90% to 94.80% compared to the
original YOLOV7.
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(a) Infrared image detection results (b) Fusion image detection results
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Fig. 1 Comparison of infrared and fused image object detection
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Fig.2 YOLOV7 network structure diagram
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Fig.3 Object detection network combining CBAM attention mechanism and Transformer multi-attention mechanism
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Fig. 5 Transformer encoder structure
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Table2 Comparative experiment of different detection algorithms on FLIR dataset

Car Person Bicycle
P R mAP@0.5

(mAP) (mAP) (mAP)

Faster-RCNN 34.01% 79.58% 63.99% 70.14% 44.10% 77.73%
SSD 82.91% 23.04% 43.93% 50.05% 21.85% 59.88%
YOLOVSs 89.30% 90.00% 68.10% 79.00% 76.60% 48.70%
YOLOv7 95.60% 75.00% 62.60% 74.80% 75.10% 37.80%
tph-YOLOV5 96.40% 91.00% 68.60% 78.40% 75.00% 52.60%
Ours 96.40% 90.00% 71.50% 82.00% 80.90% 51.60%

el
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10 ASCMIZEAE FLIR £l gE B RS RIE (A BN GT, A B TE: R ED
Fig. 10 Prediction result graph of our network on FLIR dataset(GT(left), Prediction result(right))
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Fig. 11 Prediction results of our network on the self-made dataset(GT(left), Prediction result(right))
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Table 3 Comparative experiment of different detection algorithms the on self-made dataset

Car Person Bicycle
P R mAP@0.5

(mAP) (mAP) (mAP)

faster-RCNN 72.00% 91.51% 89.72% 96.97% 87.12% 85.08%
SSD 90.92% 69.91% 82.77% 96.11% 78.08% 74.11%
YOLOVS5s 89.30% 90.00% 68.10% 79.00% 76.60% 48.70%
tph-YOLOVS5 95.20% 98.00% 94.30% 98.70% 95.80% 88.40%
YOLOv7x 98.70% 91.00% 81.30% 93.20% 89.80% 60.90%
Ours 96.50% 98.00% 94.80% 99.50% 96.10% 88.80%
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Fig. 12 Comparis
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