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(1. BHZE TR AR R, W A 050003; 2. 1 [E B FRH 42 F A 514 1 H ARS8 T, Wt
A KJE 0500815 3. Jb 5T 1B B A 5T T, AL AT 100854)

B OB AHANEEFFTEI TR AR R 2 R T 5 B B AR AR M 2 R AR 6G F
A, f£ YOLOvSs B2 & 3k % b 38 iF 4] & TCC ( two-way convolution and Concat ) % 3k 3 5] AN 4 4
Ghost ¥ 3 , 32 8 7 — AP & F % 3t YOLOvVSs B2 A 6940 sM 35 s B ARl 5 ok . B 20, &4 st A%
AR LA, RIR =B A fe 5 R E B A E T TCC#i3k, 32t T A IR Iy Atk 3 4,
AF—FTRAREEN RS WEAHE, 5| N T 1L Ghost B ¥ Z it T SPP #uft &A= CSP2 A #r
M RJG, ARAMNAG FHSFE, METORFPRB AR T XL THLIE D BARRER, &
BRI GE T AL A ke A, SR A BG4 YOLOVSs B A 2RV Bk Wi eyt L T,
A B R AT 1.34%, T34 45 E 3515 ( mean average precision, mAP ) # 7+ T 2.26%, % T YOLOvV4-
tiny f= YOLOv7-tiny # #+ 4 /A A, 5 55 YOLOvSs 42 & 4% & 48 % , 1242 A A& 3 X A YOLOVSs
BEA 4 53%, AT A A BAXNKEREGE R,

XAk, B AR ; 2091550 B 47; YOLOvVSs; TCC A3k ; Ghost A3

FE 52 S:TN219; TP319 XEkFRE:A DOI: 10.5768/JA0202445.0502005

Infrared dim target detection method based on improved YOLOVSs model

ZHANG Jianjun"?, CHEN Yudan', LIU Yuling’, ZHANG Mingming’, HUANG Fuyu'
(1. Shijiazhuang Campus, Army Engineering University of PLA, Shijiazhuang 050003, China; 2. The 54th Research
Institute of China Electronics Technology Group Corporation, Shijiazhuang 050081, China; 3. Beijing Institute of
Remote Sensing Equipment, Beijing 100854, China)

Abstract: To solve the low accuracy of target detection caused by low contrast, insufficient features, and
unclear details in complex infrared scenes, an improved infrared dim target detection method based on
YOLOV5s model was proposed by creating a two-way convolution and Concat (TCC) module and introducing
the Huawei Ghost module. Firstly, combining the low-level semantic features of infrared images, a TCC
module was created using two convolution and multi-scale thought, which improved the comprehensiveness of
feature extraction. Then, to simplify the network structure and reduce the number of parameters, a lightweight
Ghost module was introduced to improve the SPP pooling layer and CSP2 convolutional network. Finally,
using unmanned aerial vehicles (UAVs) as experimental objects, a dataset of infrared dim targets was
constructed under various meteorological conditions during day and night, verifying validity of the improved
algorithm. The results show that the detection accuracy of the improved YOLOvSs model is increased by
1.34%, and the mean average precision (mAP) is increased by 2.26%, which is superior to YOLOv4-tiny and
YOLOv7-tiny models. It has the same accuracy as YOLOvS8s model, but the number of model parameters is
only 53% of the YOLOVS8s model, which fully meets the needs of embedded device deployment.

Key words: target detection; infrared dim target; YOLOvV5s; TCC module; Ghost module
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YOLOV5sH15] ATCC+Ghost 94.89 92.61 92.30 68 16.260 5.964
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