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Fig. 4 Network structure of remote sensing identification of erosion gullies
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Table 1 Model configuration for identification of erosion gullies based on MD-CNN
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Table 3 Results of ablation experiments without
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Table 4 Comparison experiments between the model in

this paper and other classical deep learning models
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Multiscale feature extraction model for remote sensing identification
of erosion gullies in Northeast China’s black soil region: A case
study of Hailun City

FENG Quanlong', JIANG Zihang' ,NIU Bowen',GAO Bingbo', YANG Jianyu',YANG Ke¢’

1. College of Land Science and Technology, China Agricultural University, Beijing 100193, China;
2. Harbin Center of Natural Resources Integrated Survey, China Geological Survey, Harbin 150081, China

Abstract: Black soil is a valuable and essential soil resource, particularly in the northeastern region of China where it serves as the primary
grain-producing area. However, the quality of local agriculture is considerably affected by soil erosion, with erosion gullies representing a
prominent manifestation of this issue. Erosion gullies, which are formed because of soil erosion, often interconnect within a hydrological
network, creating a tree-like distribution of erosion gully systems that inflict severe damage on cultivated land. Therefore, accurate
identification and detection of erosion gullies are pivotal for safeguarding arable land.

This study explores the feasibility of utilizing remote sensing imagery for erosion gully detection and identification, taking advantage
of its vast coverage and multiple capture instances. We introduce a novel deep learning model based on a multiscale dense dilated
convolutional neural network tailored for erosion gully recognition. Our model incorporates dense connections of multiscale dilated
convolutional residual modules and is optimized to aggregate the multilevel spatial features of erosion gullies.

The research is conducted in Hailun City, Heilongjiang Province, which serves as the study area. Our approach involves cropping
remote sensing images into predefined patches, which are then annotated to construct training datasets comprising two categories: erosion
gullies and non-gullies. Subsequently, the model is trained on the training dataset and evaluated on the test dataset, with weight selection
being based on the highest test dataset accuracy. Utilizing the selected weights, we perform sliding window identification across the entire
Hailun City area, thereby generating spatial distribution data for erosion gullies. Furthermore, we realize erosion gully area localization on
the basis of scene-level labels and class activation maps to offer guidance for boundary extraction.
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The findings demonstrate the efficacy of the proposed model, which achieves an impressive overall accuracy of 95.80% and a kappa
coefficient of 0.9152. It outperforms traditional deep learning models, such as GooglLeNet, ResNet, DenseNet, and Swin-Transformer.
Notably, the overall accuracy in the sliding window recognition phase decreases slightly compared with that in the test phase because of the
increased complexity of remote sensing imagery in practical applications. To address this challenge, we recommend using a fusion of remote
satellite images and street view imagery in future research to enhance recognition capabilities in complex scenarios.

This study underscores the effectiveness of erosion gully identification through the application of a multiscale dense dilated convolutional
neural network. It serves provides precise spatial distribution data concerning erosion gullies, thereby contributing to integrated land
management in the black soil region of Northeast China.

Key words: erosion gullies, black soil region in Northeast China, deep learning, scene recognition, feature extraction, dilated convolutional
neural network, remote sensing monitoring, cropland protection
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