HLP R R 4R

Journal of University of Electronic Science and Technology of China

Bt & E&HMES I YOLOVS BIAIa4I 5 BER
&ml

ARFEAE”, HOXSP, KERER', BAW', XX

(L PERRME K2 (5 B TRE2ERE, 40BH 6210105 2. YR T K2 tFEHLEL 5 TRE2AFE, 3% 644000)

HWE AANFTLIIMAA A AFENE B, RUFEETEFEHA AL ZER . AR EEREA B AR LR
. OERRH T RABLIP RS IEAZ &Y. AGAAEFE S, 4Pl BRI, AT YOLOVS fe4t M) & Asuih b @48, 3
T — AT AL F 69 B AR MALR! Rep-YOLO. #H %, £ E T W% T 31N RepVGG #sk, RIATBAGAERIGE 75 &£
AEA HEID B 3 RepVGG A4k 4G % 4 L ATEM T AL, MY R, MM AR, ok, SOREBHIE, AR
LR ERTA WL, RIAAMNEEENKTF SO IR EHERS. RE, BRSSO MIEERITHILER, &
iz Bk 69 Bk, YA dAL ComNet AUAG4KIE R A 6], it R I T EZAMIEAFE L T34 E (mean Average Precision,
mAP) #H 5.9%, R A EFAEE KRR 29 29.7% F2 23.2%. H 4, 3 Rep-YOLO ZEH#A KT & Jetson Nano L
HAT T AR BB I0GE, A B 94 M F ik s it Ao 2 17 R 384 T T SE M9 R 234,

XBEIE REF D B A0 B AR YOLOVS; M EAHAL

hESES TP39 XEKFRERS A DOI  10.12178/1001-0548.2022070

Aerial Infrared Object Detection Based on Structural
Re-parameterization and YOLOVS
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(1. School of Information Engineering, Southwest University of Science and Engineering, Sichuan Mianyang 621010, China; 2. School of computer science &

engineering, Sichuan University of Science & Engineering, Sichuan Yibin 644000, China)

Abstract Infrared aerial object detection has been widely used in transportation, agriculture, military
security, and other areas. The main challenges are small objects, mutual occlusion, little texture information, weak
edge features, and large deformation of non-rigid bodies. To address these problems, based on YOLOvS and
structural re-parameterization (Rep), an improved object detection network Rep-YOLO is proposed for infrared
aerial object detection. Firstly, the RepVGG module is introduced in the backbone network to improve the model
feature extraction capability. During the model inference, the branches of the RepVGG module are structurally re-
parameterized to reduce the branch and the complexity of the network structure. Secondly, the path aggregation
network (PANet) in the neck of the detection network is improved by combining the priori feature, to increase the
accuracy and speed balance capability. Finally, experiments are conducted on two publicly available infrared
datasets, showing that the algorithm can effectively detect aerial infrared objects. Compared with the baseline
(YOLOVS5s), the statistical results on ComNet dataset show the mean average precision (mAP) is increased by
5.9%, while the parameters and model size are reduced by about 29.7% and 23.2%, respectively. In addition, the
model deployment verification of our Rep-YOLO is carried out on the airborne platform Jetson Nano. It provides
reliable technical support for the improvement of the detection algorithm and its practical application with UAV

platforms.
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