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Research on UAYV Target Detection Based on Improved YOLOv8n

WEN Zeyu, YANG Yang, WANG Guohui
(School of Opto-electronic Engineering, Xi'an Technological University, Xi’an 710021, China)

Abstract: In unmanned aerial vehicle (UAV) countermeasure systems, UAV targets exhibit prominent multi-scale char-
acteristics, particularly in small target detection, which often have a low detection accuracy. To address this issue, a
YOLOv8n-based optimization algorithm, YOLOv8-C2{-RFCBAMConv, is proposed, which incorporates a dynamic sample
attention scale sequence. this paper makes a analysis of the challenges of multi-scale and small target recognition in UAVs,
optimizes feature extraction capability by improving the backbone network and integrating the C2f-RFCBAMConv module,
and improves multi-scale feature extraction capability. By adopting the RFCBAM mechanism and introducing residual fusion
and context attention mechanisms, the feature representation ability is improved, and the computational complexity is re-
duced. Furthermore, the WIoU loss function is used to improve the impact of low-quality data from small targets on gradient
propagation, accelerating the convergence speed of the network. Experimental results demonstrate that the proposed model
achieves a 3. 1% and 1. 7% improvement in the mAP@0.5 and mAP@0.5: 0.95, respectively, on a self-collected UAV
dataset, with a 0. 7 GFLOP increase indicating a higher detection accuracy and lower computational complexity.
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71+ RERE %5 4 1 L0 B H AR .
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S 36 30E Bl i B YOLOv8-C2f-RFCBAMConv 4
RO ASHIE 5T A L 2R B YOLOvV8n HEAT T 2 %5 1 114 il
S, SEERH LR B 5] AR B R A A AR A
BEAT I 45, I AE K F 42 (val £8) B HEA7 VR4 S val £ R H iR
D B P 0N 22 1 H AR B0 35 S A R e A B IR A
BB HRHE . £ 3 R FEEmE R g, 8 AB.C Kk
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WIoU #1255l A . 453 3E£ B, 5] A RECBAMConv
P BB R AE val 45 . mAP @0.5 27+ 1 0. 4%, [[ B Y
BINT 0.2 M SR, KE T A T/ B bR R E &
T RB DA I AR T T AR . SR A C2[_ RFCBAM-
Conv YA b F 1% 52 & FL, TR 4R 19 mAP 7 5l $2
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TSR AE SR O [6 R F B bR R AR 77 10 22 B €6, PRl mAP
AR R AT 2. 8% F0 0. 7% .35 F| 85. 6 % H1 53.2%
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92.1 74.0 82.8 52.5 8.1
N 92.1 74.3 83.2 53.3 8.3
N 91.6 75.5 83.6 53.4 8.3
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NN 92.1 76.2 85.6 53.2 8.8
N BV RV 92.1 76.4 85.9 54.2 8.8
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RYVEERL, A% B i JC AL 5 B 3EAT TR L SE 5
DLISIE Fr 4R A R B . 45 R AN SR 4 BT

WA . % LT G YOLOVSn i AL F A b U5 - 139 -
# 4 B EREX
.. mAP@ mAP®@ Model
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