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Improved RT-DETR object detection algorithm for remote sensing images
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Abstract: Dense target distribution, complex backgrounds, and a large number of small objects often lead to
suboptimal detection performance in remote sensing image object detection. To address these challenges, this paper
proposes RSD-DETR, a remote sensing object detection algorithm based on RT-DETR. First, a lightweight multi-
scale feature extraction module, Faster-CGLU, is designed by integrating a gating mechanism with partial convolution,
which optimizes the aggregation of local and global feature information while reducing computational redundancy.
Second, a CGA-AIFI module is constructed using cascaded group attention (CGA), which focuses on critical feature
regions while suppressing irrelevant background information, thereby enhancing the interaction between the model and
object features. Finally, a cross-scale dynamic feature fusion module (CS-DFFM) is designed, which performs spatial
alignment and dynamic fusion of multi-scale feature maps through the dynamic scale-sequence feature fusion (DySSFF)
module and the triple feature encoder (TFE) module. This effectively mitigates the loss of small object features caused
by upsampling and downsampling, and enhances the network's multi-scale feature fusion capability. Experimental
results show that on the SIMD and DOTA-v1. 0 datasets, the proposed algorithm reduces the number of parameters by
22.11% compared with the baseline model, and the mean average precision (mAPO.5) reaches 79.9% and 86.8%
respectively, which are 2.5% and 1. 7% higher than those of the baseline model. The real-time performance of the
model is also improved. The detection effect is better than other classic models, and it has excellent performance.
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Fig. 6 Dynamic point sampling set generation process
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Table 1 Results of ablation experiment
JF'5 RT-DETR Faster-CGLU CGA-AIFI CS-DFFM P/% R/% Params/M FPS mAP0.5/% mAPO0.5:0.95/%
1 J 77.9  76.2 19.9 69. 6 77. 4 62.0
2 N/ J 78.1  77.1 15. 4 78.5 78.3 62. 4
3 J J 78.5  76.9 19.7 72.4 78.5 62.8
4 J J 81.3 78.0 20. 3 68.8 79. 4 63. 1
5 N/ J N 81.1 77.8 15.1 79.8 79.1 62.9
6 N/ N NG N 82.7 178.5 15.5 78.3 79.9 63.6
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Table 2 Precision evaluation of RSD-DETR modules for different detection objects

F RT- Faster- CGA- CSD AP/ %

% DETR CGLU AIFI FFM C T \% LV B PA TA FA ST PT H S
1 N 89.4 77.1 78.4 83.3 89.4 71.9 94.1 98.4 50.3 40.2 64.8 95.7
2 N N/ 90.2 77.3 77.6 83.2 92.8 75.8 93.4 99.2 53.1 44.5 65.9 96.2
3 J N/ 90.1 77.6 78.5 83.4 91.1 76.7 93.5 98.7 53.6 43.2 77.3 96.4
4 N N 90.3 78.1 79.1 83.4 92.6 76.4 94.3 99.5 56.4 46.4 84.0 96.3
5 N J N 90.6 78.6 79.2 83.5 92.5 76.2 94.7 98.8 55.7 47.6 78.3 96.3
6 NG N N/ N/ 90.5 78.8 80.4 83.7 92.7 76.5 94.9 99.6 58.1 48.8 83.9 96.5
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Table 3 Performance comparison of different model on SIMD and DOTA-v1. (0 datasets
b Params/M SIMD DOTA-v1.0
mAP0.5/% mAPO0. 5:0. 95/ % mAP0. 5/ % mAP0. 5:0. 95/ %

Faster-RCNN 136.9 62. 4 42.1 42.3 25.4
SSD 26.3 59. 8 40. 8 59. 6 37.8
EfficientDet 12.0 56. 1 40. 2 55.7 34.7
YOLOv3 103.7 60. 3 41. 8 68. 2 45. 6
YOLOv5m 21.6 69. 3 44.3 69. 4 46. 2
YOLOv8m 25.8 77.2 61.3 71.2 49.8
YOLOv8I 43.6 77.9 61.8 74.8 53.6
YOLOvV9c 25.3 78.2 62.3 78. 6 56. 3
YOLOv10m 16. 4 76. 3 61.2 73.7 53.3
YOLOvllm 20.1 78. 8 62. 4 82.1 60. 2
YOLOv12m 20. 2 77.9 62.0 86. 2 62.0
k[ 36] 12.5 78.6 62.5 74.6 52. 4
Deformable-DETR 40.0 75.2 59. 4 78. 4 56.5
DEIM 19.2 79.1 63.0 85.3 61.2
CHEk[19] 18.6 78.7 62.3 85.4 62.1
RT-DETR(r50) 42.9 78.3 62.7 85.9 61.4
RT-DETR(r18) 19.9 77.4 62.0 85.1 60. 7
RSD-DETR (ours) 15.5 79.9 63.6 86.8 62.5
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K HilLo(HiLo attention)™"” , 32 45 e 4 ik, nf LU
F H ,RSD-DETR 5| A CGA-ATFT i85 , 4 A48 br i K
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CGA-ATFI 1§ FPS i3] T 80. 1,1 & T EAA il DA, $i ¥

e 212 »

A PR A9 A i BAT SR A T T 8. CGA-ATFT
F1% % 15 11 7 2L SR WS S BT R R A SO SR R I 2 SR ) ¥ E
il W B TR BRI A A SR b H RS R A

&b
He JJ .

R4 FREBNHERELE

Table 4 Performance comparison of different attention

e = Param/M P/% R/% mAP0.5/% FPS
MHSA 15.8 87.6 80.0 84. 8 74.5
DA 15.9 87.7 80.1 85.5 72.6
M2SA 15.9 86.0 81.4 85.3 72.6
EAA 16.0 87.8 80.4 85.5 69. 4
HilLO 15.7 87.5 81.1 86. 0 76.6
CGA-AIFI 15.5 89.4 82.3 86.8 80. 1
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Fig. 8 Heatmap visualization comparison
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Fig. 9 Detection results of different models in various scenarios on SIMD dataset
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Fig. 10 Detection results of different models in various scenarios on DOTA-v1. 0 dataset
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Table 5 Generalization evaluation on VisDrone2019 dataset

il Param/M P/% R/% mAP0.5/% FPS
YOLOv8m 25. 8 54.2 42.1 43.5 62. 8
RT-DETR 19.9 61.5 46.3 47.6 72.3
RSD-DETR 15.5 63.8 47.5 49.8 81.5
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Detection performance on VisDrone2019 dataset
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