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Abstract: The deep convolutional neural network model performs well on many public visible-lighted object detection
datasets, but in the field of infrared object detection, the scarcity of object samples has always been a problem that plagues
the increase in detection and recognition accuracy. In response to this problem, this paper proposes an algorithm for
sample amplification and object detection of infrared images with small samples. The attention-based generative adversarial
network was adopted to amplify the infrared samples to generate a series of infrared continuous images retaining the key
areas of the original visible light image, and the spatial attention model and other methods were used to further improve
the recognition accuracy of the YOLOV3 object detection algorithm. The experimental results on the OSU Color-Thermal
infrared-visible light dataset and Grayscale-Thermal dataset show that the infrared data amplification technology of the
proposed algorithm effectively improves the accuracy of the deep convolutional neural network for infrared object detection,
and the mAP (mean average precision) of the proposed method is 20% higher than the original YOLOv3 algorithm.
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Fig. 1 Generative adversarial network structure diagram
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Table 1 The environment and detection rate of
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Table 2 AP and mAP of person and car detection are
implemented in each algorithm on the test set
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Table 3 The indexes of each object detection
algorithm with small samples are co
mpared on the test set
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Fig. 11 The algorithm of this paper on the test set of the

object detection results
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Table 4 The indexes of each object detection algorithm

are compared on COCO data set

ik Backbone mAP/% FPS
AEE  DarkNet53-Attention-FPN  40.1 29
YOLOV3 DarkNet53 384 31
SSD300 Vegl6 296 26
Faster-RCNN ResNet-101-FPN 369 7
FCOS ResNet-101-FPN 41.8 10
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Table 5 The indexes of each object detection algorithm

are compared on VOC data set

CR7S Backbone mAP/% FPS
A% DarkNet53-Attention-FPN  79.3 29
YOLOv2 DarkNet53 71.8 27
YOLOV3 DarkNet53 773 31
SSD300 Vggl6 69.5 26
SSD512 ResNet-101-SSD 742 16
Faster-RCNN ResNet-101-FPN 76.7 7
Mask-RCNN ResNet-151-FPN 774 6
FCOS ResNet-101-FPN 80.5 10
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