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Lightweight aerial image detection algorithm based on improved RT-DETR

Zhang Shuqing Xiao Fan Ge Chao
(School of Electrical Engineering, North China University of Science and Technology, Tangshan 063210, China)

Abstract: In response to the challenges posed by small target volumes and complex backgrounds in aerial remote
sensing images, a lightweight object detection algorithm named ELS-RTDETR, based on enhancements to RT-DETR,
has been proposed. This algorithm introduces and utilizes a new backbone network called LOB-Vovnet, which is an
improved version based on the Vovnet network, to replace the original backbone network. Within the LOB-Vovnet
architecture, a novel feature enhancement module named LRFF (Lightweight receptive field focus) has been designed
to enhance the detection accuracy of small targets. To address complex background interference, an attention
mechanism called SE (Squeeze-and-Excitation) based on adaptive channel extraction has been introduced. To strike a
balance between model accuracy and size, LOB-Vovnet replaces some convolutions with depthwise separable
convolutions. Extensive ablation experiments have been conducted to readjust the depth and width of the backbone
network. In the AIFI section, a Cascaded Group Attention (CGA) mechanism has been introduced to effectively reduce
computational redundancy in multi-head attention mechanisms. Regarding datasets, the RSOD dataset and NWPU
VHR-10 dataset have been merged. Additionally, offline data augmentation techniques such as affine transformations
and camera noise have been applied to the original data to make the training dataset more closely aligned with real-world
applications. Experimental results indicate that the improved ELS-RTDETR model has shown a 2. 7% increase in mAP
@50 compared to the original model, with a reduction in model parameters by 32.9%. It has demonstrated good
detection performance for challenging targets. Further validation of the enhanced method has been conducted on the
SIMD dataset to verify its effectiveness.

Keywords: aerial remote sensing;target detection;deep learning; RT-DETR;lightweight
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Table 3 Depthwise separable convolution ablation experiment

F4 EEE Vovnet W&

Table 4 Reorganized vovnet network

REEV] 53 8 mAP@50/ SHE/ TR/
& TR % M G
=¥ 81. 45 13. 89 64. 6
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Fig. 8 Distribution of target categories
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Table 5 Training parameters
28 ZHE
Epoch 120
Image input 640X 640
Momentum 0. 900
warmup_epochs 2 000
Learn rate 0.000 1~1.0
Batch size 12
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Fig. 10 Loss curve graph
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Table 6 Ablation experiments

P LAY mAP@50/ % H I/ % MR/ % F1 IR/ G ZHE /M
A RT-DETR 80. 8 73.31 84. 84 0.78 57.3 19. 04
B A+Vovnet £+ & 84.1 80.12 85. 36 0. 82 92.3 16. 46
C B+ SE i3k 85. 4 78. 50 86. 99 0. 81 92.3 18. 34
D CH&5iymE® 1 81.4 77.95 79. 26 0.77 64. 6 13. 89
E D+ LRFF # 81.6 75. 26 85. 24 0.78 64. 2 13. 42
F E+CGA #ilh 82. 6 78. 36 84. 28 0. 80 64. 3 13.26
H F+45M &% 2 83. 6 79. 16 83.32 0. 80 57.5 12.78

3.5 Eii BFRANEER LK

Sy ik — A 6 IE AR R Bk kA Ak L Pk e BB B U E AR
R IS A0 5 e 0 S5 R A gk AT o bR R . P SRS IR A
&) U252 B0 R BN T L B, b SSD A58 78 4 il i #5 3)1
GRRUEE N2 3 R 3 22 ks B e R8I VN 2R 38 Tl 240
B CHABIR 4 R 120 58, A3 7 BTR 4305t mAP50,
GFLOPs.Z¥& M mAP50:95 #4T H % DL IE W B0# 5 B
R 8

R7 ERBHFEUERI
Table 7 Comparison of state-of-the-art object

detection models

mAP50/ mAP50:95/

A % y HHE SHE

SSD 35.77 15.59 267.5 42. 80
YOLOv5m 75.78 39.74 64.4 23.91
YOLOv8n 68. 36 32.78 8.2 2. 87
YOLOv8m 79. 88 41. 80 79.1 24. 66
YOLOvIOm 80. 27 44. 62 64.0 15.73
RT-DETR 80. 80 46. 56 57.3 19. 04

Ours 83. 60 44. 35 57.5 12.78
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Table 8 Experimental results on the simd dataset

mAP50/ mAP50:90/ 3 0R/ MR/

;]ﬁﬁu
- % % % %
RT-DETR 74. 86 61.06 75.13 74.17
ELS-RTDETR 77. 40 61.69 76.99 76. 89
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