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Abstract: In recent years, with the rapid development of engineering construction, engineering activities
have changed the original geological conditions of slopes, resulting in frequent landslide disasters, which seri-
ously threaten people's life and property safety. Therefore, it is of great significance to study the rapid and ac-
curate identification method of landslides for disaster prevention and reduction. In this paper, a potential land-
slide recognition method is proposed based on EfficientNet to realize the extraction of landslide depth fea-
tures. The method extends the neural network from three dimensions of depth, width, and resolution by search-
ing for a set of optimal composite coefficients, and adaptively optimizes the network structure. The Stochastic
Gradient Descent Momentum (SGDM) is introduced as the optimizer of network learning, which fully consid-

ers the influence of historical gradient. And the current gradient value is constantly adjusted during the param-
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eter updating process, so as to adjust the parameter updating amplitude accordingly, improve the learning ef-

fect of neural networks and extract the deep features of the slope. The experimental results show that the aver-

age accuracy of the EfficientNet model on the test set reaches 92.78%, which can efficiently and accurately ex-

tract landslide information in real-time and provides guiding information for the rapid response after the disaster.

Key words: landslide identification; deep feature; EfficientNet; Stochastic Gradient Descent Momentum
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Fig. 1 Flowchart of landslide identification based on Convolutional Neural Network (CNN)
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Fig.2 Convolution neural network (CNN) structure diagram
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Fig. 3 The basic structure diagram of EfficientNet
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6 MBConv6, k5x5 14x14 112 3
7 MBConv6, k55 14x14 192 4
8 MBConv6, k3x3 7x7 320 1
9 Convl1x1& Pooling& FC 77 1280 1

1 : #% Tan M X and Le Q V(2019)f&24.
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Table 2 Stochastic Gradient Descent Momentum
(SGDM) Algorithm Process
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Fig. 4 (a) Location map of the study area, and (b)landslide distribution map of Bijie City
P i S P et al.(2020) {524
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Table 3 Classification of the dataset for this experiment
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sion,P) . 1 [A 2 (Recall, R) FIVER  (Accuracy, A)
VE RV FE bR 0 BB EA T i — 252 b, K
FEAL YA MR 2R IE A T R 1 A RE ARSI 4
TN A E PREAS B 1], & 2R IEAE A B 1)
ToIN A AR B o A (B B8 TE A T A E R AR S
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Table 4 Confusion Matrix
SPrE
0 1
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ResNet-18 ., Inceptionresnet-v3 Fll AlexNet, 28 i i1
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Table 5 The comparison of the test results of EfficientNet model and the other neural network models
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