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Tab.1 Training accuracy and test accuracy of 20 kinds of faults

Training accuracy/% Testing accuracy/%

Random10 Faults 1 96.875 0 92.468 8
Random10 Faults 2 99.218 8 96.137 5
Random10 Faults 3 97.656 3 95.956 3
Random10 Faults 4 98.437 5 97.812'5
mean 98.046 9 95.593 8
1 :20 96% 92% ,

’
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2
Tab.2 Test accuracy of each type of fault
Test accl/% Test acc2/% Test acc3/% Mean/%
Faultl 98.742 3 97.631 0 96.011 2 97.461 5
Fault2 99.518 9 99.994 1 98.534 1 99.349 0
Fault3 87.031 9 88.044 9 85.808 9 86.961 9
Fault4 93.292 8 95.869 7 94.544 6 94.569 0
Fault5 92.256 9 90.271 3 89.913 6 90.813 9
Fault6 99.918 5 98.946 1 93.564 9 97.476 5
Fault7 100.00 100.00 100.00 100.00
Fault8 100.00 100.00 100.00 100.00
Fault9 100.00 100.00 100.00 100.00
Fault10 97.051 0 96.937 8 95.897 8 96.628 9
Fault11 97.891 9 98.586 2 97.766 4 98.176 4
Fault12 97.664 8 98.059 1 94.337 3 96.198 2
Fault13 100.00 100.00 100.00 100.00
Fault14 98.153 4 98.075 8 98.991 1 98.533 5
Fault15 96.876 9 96.541 1 96.203 2 96.372 1
Fault16 90.402 5 90.893 4 94.524 4 92.708 9
Fault17 97.5922 96.854 2 99.557 0 98.705 7
Fault18 100.00 100.00 100.00 100.00
Fault19 90.117 8 90.068 5 94.636 1 92.352 3
Fauli20 94.500 1 95.237 4 94.367 8 94.701 8
Mean 96.550 6 96.600 3 96.233 0 96.461 3
2 , 19
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Fig.6 Test simulation diagram of randomly selected 10
kinds of fault identification data
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Research on Process Fault Identification Based on CapsNet Model

Zhong Lusheng,Lu Wentao
(School of Electrical and Automation Engineering, East China Jongtong University, Nanchang 330013, China)

Abstract.In order to realize the recognition and diagnosis of process faults, this paper uses CapsNet model to
train data. Firstly, using the spatial characteristics of the network model,the training data was characterized and
normalized in the form of vectors. Then,a convolution operation was performed to classify the faults on the dy-
namic consistent routing update. Finally,the reconstitution module was added to modify the input data matrix,
reduce the loss error and make the network converge quickly. At the same time, feature visualization wasper
formed on each layer of the network, and the changes in the feature map of each layer were clearly seen. The
experimental results show that the process fault recognition performance of this model is better than other neural
network models.

Key words: CapsNet; dynamic routing update; fault identification; CNN
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Analysis of Influence of Water Level Rise and Fall on Seepage Field
and Stability of Reservoir Slope

Lei Weijia', Liu Weihuang®?, Guo Shenggen®, Tan Yifan*?,Zhu Junhua®*

(1. Jiangxi Port and Shipping Administration Border Management Office, Yingtan 335099, China; 2. Jiangxi Key Laboratory of

Infrastructure Safety Control in Geotechnical Engineering, East China Jiaotong University, Nanchang 330013, China; 3. Engineering

Research & Development Centre for Underground Technology of Jiangxi Province, Nanchang 330013, China; 4. Jiangxi Province
Harbor and Shipping Administration, Nanchang 330013, China)

Abstract: Relying on a slope project in a reservoir area, through on—site hydrogeological survey and laboratory
tests, to master the geotechnical engineering properties of the bank slope, combined with dry and wet cycle tests,
theoretical analysis and numerical simulation software, to study the water storage period of the project and the
water level after operation Reservoir bank slope stability under dynamic ups and downs. The results show that
the groundwater infiltration line is "concave" at high water levels and "convex" at low water levels. As the water
level of the reservoir area rises, the stability of the slope will also increase, and when the water level gradually
falls, the stability of the slope will decrease, and eventually the stability of the slope will be lower than that of
the slope that has not experienced the change of water level. The water level in the reservoir area can be regard-
ed as the safe water level range between the normal storage level of 30m and the highest storage level of 36m.
This study can provide a reference for the slope protection of the reservoir area and the water level scheduling
scheme in the reservoir area.

Key words: reservoir slope; dynamic fluctuation of water level; fluid—solid coupling; numerical simulation; slope

stahility



