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Abstract: To improve the performance of object detection and recognition in a real-world combat
environment, an improved intelligent object recognition algorithm based on infrared saliency object
guidance is proposed. It uses the object information in an infrared image to guide deep self-learning in vision
images. The improved YOLO-V3 recognition network is based on the Darknet-53 network architecture,
using DenseNet instead of the original transfer layer with lower resolution. Classification network
pretraining, multiscale detection network training, and other measures are used to enhance feature propagatio
n and reuse and fusion performance. Simulation results show that the proposed model can effectively
improve the performance of existing object detection and recognition networks.
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Fig.1 Recognition process in YOLO model
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Fig.2 Framework of deep learning based object recognition guided by the location of infrared object
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Fig.3 Improved YOLO v3 recognition networks
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(b) HRAAL

Fig.4 Training process

(b) Loss changes

Table 2 Different methods of recognition accuracy

Indexes YOLO-V3 Cascaded RCNN R-FCN-3000 RNOD Our
mAP 80.6 89.6 81.1 73.8 88.9
loU 0.59 0.72 0.62 0.48 0.68
FPS 27 2 30 6 74
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(a) Recognition result of YOLO-V3 without Infrared guidance
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(b) Recognition result of YOLO-V3 with Infrared guidance
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Fig.5 Qualitative comparison of detection and recognition performance between YOLO-V3 and the proposed algorithm
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Fig.6 Comparison of recognition results for different algorithms
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