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Fig.1 Extent of steep-slopes in the research area
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Note: Silence can pass the original map information to the main and auxiliary reversible branches, Conv is a convolution operation, ADown is a downsampling
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Table 1 Comparisons of ablation experiment performance

o FPS/ B
Model Pl%  Ri% mAP/% Fi/% (i-s') Weight size/MB
YOLOV9 87.80 84.19 91.58 8596 29.13 100.38
YOLOv9-S  92.17 8554 9341 88.73 28.86 100.42
YOLOV9-D 91.03 84.86 9195 87.84 29.35 100.38
YOLOvV9-S-D 91.42 8797 9344 89.66 29.07 100.42

i: P. R. mAP. F,. FPS #HMREMEHZR. BREIK, FHRKEHE. F 5
SR

Note: P. R. mAP. F,. FPS represent precision, recall, mean average precision,
F, score and frames per second.
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Table 2 Comparisons between this model and the mainstream

models
it FPS/ B
Model PI%  RI% mAPY% F/% (i-s") Weight size/MB
Faster RCNN 85.51 81.05 8592 83.22 10.69 92.21
YOLOVS 85.77 86.24 89.49  86.00 37.45 14.11
YOLOv7 84.59 88.63 89.92  86.56 86.96 73.06
YOLOvS 86.81 83.25 88.07 8499 166.67 6.10
YOLOV9-S-D 9142 87.97 93.44 89.66 29.07 100.42
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Table 3 Recognition accuracy of different models for different
image sources
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Model CB04A ZY-3 GF-1
Faster RCNN 254 39.1 76.1
YOLOvV7 78.2 579 85.6
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YOLOvV9-S-D 87.5 69.8 89.5
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Detecting illegal cultivation of step slopes from remote sensing
images using improved YOLOV9

WU Yibang , CHEN Zhe™ , LI Zhe , XIANG Daxiang , CUI Changlu

(1. Spatial Information Technology Application Department, Changjiang River Scientific Research Institute, Wuhan 430010, China;
2. Water Center for Intelligent Drainage Engineering Technology Research, Wuhan 430010, China)

Abstract: Illegal cultivation and reclamation activities are expressly prohibited in the area of reclamation of steep slopes. Large
areas of sloping farmland have posed a high risk of soil erosion to reduce land productivity, even seriously threatening food
security. However, manual ground surveys have been confined to investigating the illegal cultivation on the steep slopes and
the prohibition of reclamation, due mainly to time-consuming and laborious. Meanwhile, the steep slopes are often distributed
in dangerous areas, such as mountains and hills, leading to delays in the manual supervision of regional soil and water
conservation. Fortunately, remote sensing interpretation and detection can be applied to monitor soil and water conservation in
steep slopes, particularly with the rapid development of remote sensing and unmanned aerial vehicle (UAV) technology in
recent years. Deep learning has been used to extract sloping farmland in the field of cultivated land identification. However, it
is still lacking to consider the terrain slope, which has a great impact on soil erosion. At the same time, the large-scale remote
sensing images often contain both concentrated contiguous fields and scattered small and micro fields; There are quite different
directions and shapes of the fields, due to the differences in topography and landform, leading to the missed, false detection and
low confidence in the detection of convolutional neural networks. The low detection efficiency and high time cost can also be
caused by manual visual inspection in the supervision of illegal cultivation areas. In this study, a new model was designed to
detect the remote sensing images from the illegal cultivation areas on steep slopes using the improved YOLOV9. The datasets
were used from the GF-1 satellite and ALOS PALSAR. Firstly, 12.5 m resolution DEM was calculated to extract the potential
slope farmland areas using ALOS data. Then the GF-1 satellite remote sensing images in the potential slope farmland area were
utilized as experimental data. The specific procedures and main contribution were as follows :1) The lightweight self-attention
mechanism (SimAM) was introduced into the backbone network of YOLOV9 for the richer background and the better
discrimination of features; 2) The ultra-lightweight upsampling operator (DySample) was selected to replace the kernel-based
dynamic one, in order to reduce the number of network parameters for the high recognition speed and accuracy; 3) The
recognition accuracy of YOLO was verified for the illegal tillage areas after the introduction of SimAM and DySample;
Finally, the comparison was made on the Faster RCNN, YOLOv5, YOLOv7, and Yolov8 models. Field investigation and
remote-sensing image migration experiments were also carried out to verify the effectiveness of the improved model. The
results show that the average recognition accuracy of the improved YOLOV9 model was 82.27%, which was better than that of
mainstream object detection, such as Faster RCNN, YOLOv7, and YOLOv8. The high reliability and effectiveness were
achieved in the improved model. The ablation test showed that the accuracy, recall, mean average accuracy, and F1 score of the
improved model increased by 3.62, 3.78, 1.86, and 3.7 percentage points, respectively, compared with the original model. The
findings can provide high-quality data support for soil and water conservation, particularly for the decision-making on the
regional control of soil erosion, ecological environmental protection, as well as green and low-carbon sustainable production.
Keywords: remote sensing; deep learning; illegal cultivation of steep slopes; YOLOV9; attention mechanisms; dynamic
upsampling
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