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Abstract: The mainstream target detection network has outstanding target detection capability in high quality RGB
images, but for infrared images with poor resolution, the target detection performance decreases significantly. In
order to improve the performance of infrared target detection in complex scene, the following measures are adopted
in this paper: Firstly, by referring to the field adaption and adopting the appropriate infrared image preprocessing
means, the infrared image is closer to the RGB image, so that the mainstream target detection network can further
improve the detection accuracy. Secondly, based on the one-stage target detection network YOLOV3, the algorithm
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replaces the original MSE loss function with the GIOU loss function. It is verified by experiments that the detection

accuracy on the open infrared data set the FLIR is significantly improved. Thirdly, in view of the problem of large

target size span existing in FLIR dataset, the SPP module is added with reference to the idea of the spatial pyramid

to enrich the expression ability of feature map, expand the receptive field of feature map, and further improve the

accuracy of target detection.
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B1 %A FLREFBENWIRLIE K (F4T). (a) RE; (b) BE; (c) A5 B, (d) FR+BHEpi
Fig. 1 Different infrared images (per line) from the FLIR dataset.
(a) Original image; (b) Inversion; (c) Histogram equalization; (d) Denoising + image sharpening
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Fig. 2 Modified YOLOV3 network structure
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Table 1 Use ImageNet and MS COCO data set
to train FLIR infrared data set

Dataset mAP/%
ImageNet 49.86
MS COCO 58.02
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Table 2 Different pretreatment methods were input
into the YOLOV3 network for training

Pretreatment methods mAP/%
Original image 58.02
Inversion 60.71
Histogram equalization 57.26
De-noising + sharpen 57.42
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Table 3 Detection results of FILR dataset by different frameworks.
The Faster R-CNN 10U threshold is 0.3, and the YOLOv3 IOU threshold is 0.6

AP/%
Detention method mAP/% Test time/s
car person bicycle
Faster R-CNN(VGG16) 74.15 62.14 43.58 59.96 0.070
Faster R-CNN(Res101) 77.96 65.72 45.86 63.18 0.163
YOLOv3 77.69 57.47 39.74 58.02 0.026
Ours(YOLOv3+GIOU) 79.3 68.10 31.90 59.70 0.042
Ours(YOLOvV3+GIOU+SPP) 81.90 72.60 49.00 66.80 0.039
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Fig. 5 (a) The results of detection speed and accuracy of all categories of different networks; (b) The results of
vehicle detection speed and accuracy of different networks; (c) The results of human detection speed and accuracy
of different networks; (d) The results of bicycle detection speed and accuracy on different networks
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Fig. 6 (a) The network detection result of YOLOV3; (b) Ground truth; (c) The YOLOV3 network detection results using
GIOU loss function; (d) Detection results for YOLOv3 network that use GIOU loss function and SPP modules
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Improved YOLOV3 network for infrared target detection

Overview: In recent years, with the continuous development of computer vision, the ability of target detection based on
deep learning has been significantly improved. However, most of the images used by mainstream target detection net-
works are RGB images, and there are few studies on the direction of infrared target detection. Moreover, the main-
stream target detection network has a prominent target detection capability in high quality RGB images, but the target
detection performance in infrared images with poor resolution is significantly reduced. Compared with infrared images,
visible images have higher imaging resolution and rich target detail information. However, under certain weather con-
ditions, the visible images cannot be obtained. Infrared imaging technology has the characteristics of long range, strong
anti-interference ability, high measurement accuracy, not affected by weather, able to work day and night, and strong
ability to penetrate smoke. Therefore, infrared imaging technology has been widely used once it was proposed. The de-
mand for infrared target detection is also urgent.

In order to improve the performance of infrared target detection in complex scenes, the following measures are
adopted in this paper: First, referring to the field adaptive method, appropriate infrared image preprocessing means are
adopted to make the infrared image closer to the RGB image, so as to further improve the detection accuracy by apply-
ing the mainstream target detection network. Secondly, mean square error (MSE), a loss function, regards the coordi-
nate value of each point of BBox as an independent variable, which does not consider the integrity of the target frame,
and I,-norms is sensitive to the scale of the object, so the algorithm is based on the single-stage target detection network
YOLOV3 and replaces the original MSE loss function with GIOU loss function. It is verified by experiments that the
detection accuracy on FLIR, an open infrared data set, is significantly improved, and the problem of inaccurate location
in the original network is effectively improved. Thirdly, in view of the problem of large span of target size in the FLIR
data set, the SPP module is added to enrich the expression ability of feature map and expand the receptive field of fea-
ture map by referring to the idea of space pyramid. The experimental results show that the network detection error rate
decreases after the addition of SPP module, and after overcoming the original deficiency of the YOLOvV3, the target ac-
curacy of detection can be further improved compared with the modification of GIOU loss function only.
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