F 43553 M FTRIFRFZR(ARHFR) 2026 4F 6 A
Vol.43 No.3 J Chongqing Technol & Business Univ( Nat Sci Ed) Jun. 2026

ik YOLOvSs %8 AL & S/ H bkl 5 i

ik % IEF
GBI T RF HENA S TSR, S Ed 232001

. HmW AT RABUE B EAFAE R P H Je % T B AR EARARAR A . J 69 AR, AR B YOLOvSs Sk st AT
AL, Jiik FIANBREHEREE HHE CBAM( Convolutional Block Attention Module ) o3 & @k &% k- 5k T4
EF C3EM, BR Y AHMETOR N R T MAAHFIERIEE ) ERFAERRA E 5N B RAFIE Rk o R B 45 2
WA, FEBEEIRPINLERBEL T BRBERA L R F ORI N RS T £ % R4 815 8 & R K R ILF
(Integrated Loss Function) 1 # FAE R & % 4, 3 5% 4 B AR 69 A2 A8 71, 450 /& VisDrone2019 3% & Ml X | 5
WG RS R IR, P EAERITT 5.8%; BAEFE%EE 6.2 MB, B RAER Kié T, A4 2
AL RAEA T 44. 7%, R BT, 5 RN 7 kA LBIT T £ e, ik PR E e st ik R R AR
AR R B, BEBAR T AR A B L B Aot R AR, FILT E B P B ARG Pk BATERA], 2T
B AR MAE S 7 ik A BT e B TR AT RERG AT EA ETZE L,

ekl > B AR ;35 B4 AR GRS B A 22 2 4L, YOLOVSs 3 12 & A ALl

s TP751 SCHkER S : A doi: 10. 16055/ issn. 1672-058X. 2026. 0003. 007

Improved Small Target Detection Method for Lightweight Remote Sensing Images Based on YOLOVS5s

ZHANG Yao, WANG Junhao

School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan 232001, Anhui,
China

Abstract: Objective This study aims to optimize and improve the benchmark YOLOvS5s algorithm to solve the problems of
low accuracy for small targets and complex models in complex scenarios during unmanned aerial vehicle (UAV) remote
sensing image detection. Methods The lightweight convolutional block attention module (CBAM) and a stacking fusion
strategy were introduced to reconstruct the backbone C3 template. This approach enhanced feature extraction ability of the
network while reducing the number of parameters. In the feature fusion layer, cross-level feature fusion was introduced to
avoid feature loss, and an upsampling operator was incorporated during the fusion process to reduce the complexity of the
model and fuse more feature information. Additionally, the integrated loss function (ILF) was adopted as the bounding
box loss function to enhance localization accuracy for targets. Results In the VisDrone2019 dataset test, the improved
algorithm achieved a 5. 8% increase in mean average precision (mAP) compared to the original algorithm. The model size
was reduced to 6. 2 MB, a significant reduction from the original model, while the number of parameters decreased by
44.7%. Moreover, the proposed method achieved higher detection accuracy compared to mainstream detection

approaches. Conclusion The proposed improved method significantly reduces the complexity and computational cost of the
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model while maintaining the detection accuracy, and achieves fast and accurate recognition of small targets in remote

sensing images. For small target detection tasks, this method has good performance and is of great significance for real-

time and resource-constrained application scenarios.

Keywords: small target detection; cross-layer feature fusion; model lightweighting; YOLOvSs; attention mechanism
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Table 1 Ablation results of the improved algorithm in the VisDrone2019 dataset

¥ % THC3 Hr ARGk A ILF R E YL B R/ P mAP/% GFLOPs 54 F/MB
M 46.8 34.7 33.4 16.0 7.06
M-1 v 48.2 35.2 37.8 16. 8 3.28
M-2 v 48.5 33.6 35.6 19.6 8.12
M-3 v 47.1 34.9 34.8 16.0 7.06
M-4 v v 49.3 37.5 38.7 21.3 3.90
M-5 v v v 49.8 39.5 39.2 21.3 3.90
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Table 2 Experimental results of the improved model in the VisDrone2019 dataset

AP/%
Model mAP/ %
ped people  bicycle car van truck  tricycle  awning bus motor

RetinaNet 12.3 4.3 3.1 36.7 19.1 11.7 8.6 6.2 20.1 9.7 13.2
Faster R—CNN 19.8 14. 4 7.8 42,3 27.3 19.5 13.8 7.1 29.7 14.5 19.6
YOLOv3 33.2 241 8.1 69.6 322 19.1 14.7 5.8 42.4  19.9 26.9
YOLOv4 36.5 33.6 148 765  41.6  41.5  20.9 13.6  40.4  37.1 35.7
YOLOv5s 32,3 28.3 9.5 74.2 397 423 22.1 9.3 41.6  34.8 33.4
YOLOv7' 44.3 35.2 14.7 80.9  45.7 4.5 23.1 12.1 51.6 37.9 38.3
UAV-YOLOv8!"’ 47.6  42.4 16.8  81.5 459  41.8  23.4 142  48.5  44.9 40.7
Ak 46.8  38.4 151  79.3 449  40.8 22.6 13.9  48.8  41.4 39.2
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Table 3 Parameter comparison of the improved model

in the VisDrone2019 dataset

A ox FPS AE/MB
RetinaNet 15 80
Faster R—-CNN 21 136.7
YOLOv3 35 37

YOLOv4 42 244
YOLOv5s 102 13.7
YOLOv7!" 68 156
UAV-YOLOv8!*! 84 23.4
AL H % 124 6.2
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Table 4 Validation of the effect of different parameters on

detection accuracy on the VisDrone2019 dataset

A K mAP/%
Ir % 0.02 38.1
Ir % 0.03 38.7
Ir 5 0.04 37.4
decay # 0. 000 4 38.3
decay # 0.000 5 38.9
decay # 0. 000 6 38.5
ATk 39.2
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Fig. 6 Comparison of detection performance in a dense scene
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Fig.7 Comparison of detection performance in a low-light scene
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