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3. RH e HE R AR BESE BE, K 300459)
# .= A L AH (unmanned aerial vehicle, UAV) 12 KA B R R FH ML, 2 B Rt & @
1o T2 h B, AT A T HORE A LAN B AR N AL R F G AR E R R AR, R E
T IDOU-YOLO (infrared detection of UAV-YOLO) S ix & A& | i@ st M2 % RE sk A 4F 122 F 3B HUH,
Ay R FETAZE, REREGZEREGAF THEAGIZEEIER A, R B ARG ;
Bl BT 3l N T # FA4E 4 & % 4 SIoU(Scylla IoU), 72 ) 4k it A2 o 32 3 B A 69 46 Mk B, Am b 2 A 09l
Sgik B, %34 R 2~ IDOU-YOLO B A a945 # & 8w & | F| 4 % . mAP@0.5 #= mAP@0.5:0.95
57135 2] 99.2%. 96.3%. 97.7%. 98.4% = 70.2%, & ¥ IDOU-YOLO 3 ik A A £ 41 b AU B AR A ]
EH5F AR RERS A AT,
KAEF AN ; B AR 5 205N B A AR A T35 M 4
FE 425 :TN219;TP391.4 XEKFRERL: A DOI: 10.5768/JA0202445.0402001

Infrared image UAYV target detection algorithm based on IDOU-YOLO

CHEN Haiyong', LIU Dengbin', YAN Xingwei™’
(1. School of Artificial Intelligence and Data Science, Hebei University of Technology, Tianjin 300401, China;
2. College of Electronic Science, National University of Defense Technology, Changsha 410073, China;
3. Tianjin Institute of Advanced Technology, Tianjin 300459, China)

Abstract: Low-altitude small unmanned aerial vehicle (UAV) frequently invade sensitive areas, which posing
a serious threat to national and social security. Aiming at the problems such as high missed detection rate and
insufficient detection accuracy for UAV target detection based on thermal imaging, the infrared detection of
UAV-YOLO (IDOU-YOLO) algorithm model was proposed. A cross-scale fusion feature pyramid mechanism
was constructed to fully explore the feature space information, focus on the cross-scale information fusion and
the rich information representation ability of the model, and enhance the target recognition ability. At the same
time, the bounding box loss function Scylla IoU (SIoU) was introduced to improve the detection accuracy and
accelerate the convergence speed of the model in the training process. The experimental results show that the
precision, recall, F; score, mAP@0.5 and mAP@0.5:0.95 reach 99.2%, 96.3%, 97.7%, 98.4% and 70.2%,
respectively, which indicates that the IDOU-YOLO model improves the detection and recognition ability of
UAV targets in various scenarios, and can better meet the application requirements of anti-UAV systems.

Key words: UAV detection; target detection; infrared images; feature pyramid networks
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Table 1 Overall properties of IDOU-YOLO and YOLOvV7
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Poar@  Puar@

0, 0, mAP mAP F./°
Model Pl% RI% 05% 05095% 1 % FPS
YOLOV7 989 942 970 67.6 96.5 93.5
IDOU-YOLO 99.2 963 98.4 70.2 97.7 79.4
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Neck  P% RI% %mg/‘;? 0.153 %fgg% F\/%  FPS
FPN 976 892 956 662 932 1235
PANet 986 960 980 694 973 952
BIFPN 987 962 984 701 974 952
MMFPN 992 963 984 702 917 794
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Table 3 Experimental results of bounding box loss function

comparison
Loss P/% R/% Puap@0.5/%  Popp@0.5:0.95/%  F\/%
DIoU 99.1 96.0 98.0 69.7 97.5
GIoU 987 963 97.9 69.7 97.5
CloU 99.6 954 98.4 69.9 97.5
SIoU 99.2 963 98.4 70.2 97.7
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Fig. 5 Images of detection results for algorithm
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Table 4 Comparative experimental results of IDOU-YOLO

and mainstream target detection algorithms

Model Pl% RI%  Poap@0.5/%  Fi/%  FPS
Faster-RCNN  34.7  66.0 52.3 45.5 19.2
SSD 98.8  60.0 86.1 747 741
Retinanet 99.7  60.9 65.8 756 395
Centernet 98.6 859 91.1 91.8  66.2
FCOS 98.7 819 91.9 895 416
YOLOX 98.8  89.8 93.1 94.1 37.9
YOLOvVS 99.1 957 98.2 974 633
IDOU-YOLO 992 96.3 98.4 91.7 7194
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