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Small Target Detection Algorithm in Aerial Images Based on
Improved RT-DETR
ZHAO Zi-qi', LI Wei-dong'*", LI Xiao-juan'”’

(1. School of Management Science and Information Engineering, Hebei University of Economics and Business,

Shijiazhuang 050062, China; 2. Hebei Cross border E-commerce Technology Innovation Center, Shijiazhuang 050062, China)

[ Abstract] An algorithm has been proposed to detect small targets in unmanned aerial vehicle( UAV) aerial images. The algorithm
is based on an improved real-time detection Transformer ( RT-DETR) and aims to address the challenges posed by complex back-
grounds and a large number of small target samples. To enhance the feature fusion network, a dedicated feature fusion structure for
small targets has been incorporated, utilizing rich location information from the shallow feature map to improve the network’s ability to
detect small targets. Furthermore, the last residual block in the BackBone has been removed to prevent an increase in additional pa-
rameters. Additionally, the MCP Block, a reconstructed BasicBlock structure in the backbone network, has been designed, which in-
cludes a multi-channel feature partial convolution module (MCPConv) to reduce redundancy in channel features and enhance the ac-
quisition of multi-scale detail features. Moreover, a location encoding mechanism with learning ability has been introduced to obtain
more accurate and expressive location information. The normalized weighted deviation ( NWD) and mean precision-driven IoU
(MPDIoU) positioning loss functions have been incorporated to accelerate the convergence speed of the model and reduce sensitivity to
position deviation. Experimental results on the VisDrone2019-DET dataset demonstrate that the improved model reduces parameters by
62% compared to the original model, increases mAP50 by 3.9% , and improves FPS by 17% . The improved model exhibits superior
detection performance compared to other mainstream detection models.
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Fig. 1

Improved RT-DETR model structure
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Fig. 2 Model structure comparison
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Table 1 Model performance comparison

RS SH/10° R HEHR/ % B/ % mAP50/ % mAP50:95/%  FPS/(i-s~"')
RT-DETR 19.9 57.3 55.4 37.6 36.6 21.0 60
JiE— 18.6 78.8 55.2 40.3 39.3 23.2 46
ik 7.9 69.4 56.2 39.9 39. 1 23.1 61

¥ : FFLOPs ( giga floating-point operations per second) , BN 4> 10 12 (10° ) YR B 7% £ 5880, mAPS0 KR 38 3 e (1oU) M 0. 5 I, 154 45—
?%EUTPH%@HE‘J%H*‘E&(AP) ;mAP50.95 R ToU B{EAE 0.5 ~0.95 izgiiﬁgbﬂﬂﬂlﬂngig*ﬁ&:;FPS(frame per second)%@i’\‘l@‘%‘hlﬁfﬁ
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Fig. 3 Multichannel partial convolution
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Table 2 Cryogenic experiment

75 J7 i ZHE/100 HEE O WERE/%  BIE/% mAPS0/% mAP50:95/%  FPS/(Mi-s~')
— RT-DETR 19.9 57.3 55.4 37.6 36.6 21.0 60
A RT-DETR + MCP Block 16.8 49.8 54.5 38.6 37.5 21.8 58
B RT-DETR + AIFI-LPE 20.0 57.3 55.5 38.8 37.8 22.0 63
C RT-DETR + NWD-MPDIoU 19.9 57.3 55.6 38.2 37.5 21.7 59
D RT-DETR + £ ] 45AE 7.9 69.4 56.2 39.9 39.1 23.1 61
E A+B 16.9 49.8 56.2 39.1 38.0 22.1 60
F A+B+C 16.9 49.8 56.0 39.4 38.5 22.4 61
A3 A+B+C+D 7.5 63.2 57.7 41.8 40.5 23.7 70
#3 wExi
Table 3 Comparative Experiment
ik ZH/10° T MR/ %  BEE/%  mAP50/% mAPS0:95/% FPS/(Mi-s~")
YOLOVS-m 25.0 64.2 48.5 35.3 34.1 19.8 112
YOLOvS-1 53.1 135.0 48.4 37.1 35.5 20.8 99
YOLOv8-m 25.9 79.3 48.1 36.0 34.4 20.0 108
YOLOVS-L 43.6 165.7 49.2 36.8 35.3 20.7 101
A3 7.5 63.2 57.7 41.8 40.5 23.7 70
RT-DETR
AR SR

BI5 ik oA 2 g SRS B AG I SR X L

Fig. 5 Comparison between the improved model and the original model
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