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Abstract

To address the problems of low efficiency in manual interpretation and unstable detection perfor-
mance in complex landslide scenes, this study conducted comparative experiments using three
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object detection models, namely YOLOvVS8, YOLOv11, and RT-DETR, based on a public landslide ob-
ject detection dataset, and analyzed their performance in landslide recognition tasks. Under the
same dataset and training conditions, the models were evaluated from three aspects: the training
process, quantitative validation metrics, and visualization of detection results. The results show
that all three models can effectively accomplish landslide object detection. During training, the loss
functions generally decreased, while indicators such as Precision (P), Recall (R), and mean Average
Precision (mAP) continuously improved and gradually stabilized, indicating good convergence.
Among them, RT-DETR achieved the best overall detection performance, with Precision, Recall,
mAP@0.5, and mAP@0.5:0.95 reaching 0.954, 0.950, 0.964, and 0.815, respectively, all higher than
those of YOLOvV8 and YOLOv11, demonstrating higher accuracy in landslide recognition and bound-
ing box localization. The visualization results further show that RT-DETR achieved the best com-
pleteness and stability of detection boxes, followed by YOLOv11, while YOLOv8 showed repeated
detections in some complex scenes. The study indicates that all three models are suitable for land-
slide object detection tasks. RT-DETR is more suitable for scenarios requiring higher accuracy,
while YOLOv11 is more appropriate for applications that need to balance detection performance
and real-time efficiency.
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ARSI HE AR T W 258 T o> =T H A I Bs e, il 1 PR . s AR S ) 3
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Figure 1. Example images of the landslide object detection dataset
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Figure 2. Network architecture of the YOLOVS model
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Figure 3. Network architecture of the YOLOv11 model
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Figure 4. Network architecture of the RT-DETR model
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Table 1. Experimental parameter settings for different models

=1 AEREXESHRE

B IR itk A RE Puttas kS B T
YOLOV8 200 64 640 SGD 0.01 0.005
YOLOv11 200 64 640 SGD 0.01 0.005
RT-DETR 200 64 640 AdamW 0.01 0.001
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Figure 5. Training curves of the three models
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Table 2. Comparison of validation results of different models

2. FRIEBILIELE RIS

e} P R mAP@0.5 mAP@0.5:0.95
YOLOVS 0.929 0.933 0.956 0.776
YOLOvI1 0.917 0.938 0.961 0.778
RT-DETR 0.954 0.950 0.964 0.815
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Figure 6. Visualization of detection results of the YOLOv8 model
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Figure 7. Visualization of detection results of the YOLOv11 model
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Figure 8. Visualization of detection results of the RT-DETR model
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Table 3. Comparison table of computational efficiency

% 3. BRI &

A SHE ALK R ] FPS
YOLOV8 3.01 12.93 774
YOLOv11 2.58 16.48 60.7
RT-DETR 19.87 33.19 30.1
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EPERERSL: YOLOV8 % IR bR I N5, e ISR i H A I 5R

(3) MATHRAGAS IS5 oK, RT-DETR [ IIAE 56 48 ARSI e 0, e S5 v i 1 73 5 o e X3k
YOLOV11T FIAGIN &5 FAEAR AR T, AEH 4 A (RS ARE 56 88 MR A B (5 %K ;s YOLOVS 7E 2 Bk A g
WS IR IR A H bR, (BAEDMHIE R ST AAERERNIR . "I SRS BT a5 R A — 2L

g5 b, ZRPBORIE B U AR IIMT S5 . o, RT-DETR & & 4% B ZLR = 34 55, YOLOv
BARPERERE LT YOLOVS, YOLOv8 M T]{E Ayt Re I A S5 I B Rl T o AR SO L 45 R T i 3 H bk
MR R —E 25 .
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