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Recognition of hydraulic pump leakage status based

on deep neural network

Chen Lili"?, He Ying', Dong Shaojiang'

(1.Chongqing Jiao Tong University, School of Mechatronics & Vehicle Engineering, Chongqing 400074, China;
2.Chongqing Survey Institute, Chongqing 401121 ,China)

Abstract; Due to the high complexity, it is hard to recognize hydraulic signals. To solve this problem, a deep neural network is
formulated for recognition of hydraulic pump leakage status, which is based on the stacked sparse autoencoder and Softmax. The low-
level features are extracted by the wavelet transform and the Hilbert-Huang transform. These features are put into the deep neural
network. Through the layer-by-layer learning of stacked sparse autoencoder, the low-level features are optimized and the high-level
features are obtained. Then, Softmax is used to recognize other features. Experimental results show that the stacked sparse autoencoder
can effectively extract the high-level features of hydraulic pump leakage status. The formulated deep neural network can distinguish the
pump leakage status and the recognition accuracy is 97.6%. In addition, compared with extreme learning machine, support vector
machine, convolutional neural networks and long short-term memory, the deep neural network has better recognition effectiveness.
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Fig.1 The structure of autoencoder
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(b) The visualization of high-level features
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Table 4 Recognition results comparison of six models
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(1. 2 Efiias RPN A HMFE KB 130022; 2. thE R 95926 BN #  130022)
BB ARG R TAERTH IR TG X , 2R AR B Bl (CKE) SR AR LR MWD i o M B o Y e A7
VT T WL GE 755 T4 0 T 340 CKF 8 BIURS 18T W 25 AR P )0, 41800 T S RS CKF 5. B A Z o 0 PR 0
R 7 13 2 R IR A T P 0y 22 AT IR . IR T L T D AR 2 7 90 B0 M R M B IR 25 Ry R v, R e 2k
Z59F B RO T3 AT 2L, S R TS AT AT, RIS AW, Sk 7E R G v B B R A 1 T4
T R A5 R ) P A (8 B, BB A e ME AR 2220 0. 01° Ji I e iR 2E N T 0. 10,
LA M SR X R AR e s W I T
HhE 4SS THR9 XHERARINAD : A. ERirEFERISHEARED: 590.35

Robust fading cubature Kalman filter and its application
in initial alignment of SINS

Guo Shiluo', Wang Chunyu', Chang Limin', Zhou Junjie’, Li Yang'

(1.Instrument & Electricity Teaching and Research Section, Aviation University Air Force, Changchun 130022, China;
2.Unit 95926 of PIA, Changchun 130022, China)

Abstract : Inertial navigation system needs initial alignment before normal operation, cubature Kalman filter ( CKF) is a common
algorithm for nonlinear initial alignment. Aiming at the problems that accuracy decline or even divergence appear in conventional cubature
Kalman filter under the conditions of inaccurate filtering model and non-Gaussian observation noise interference, a robust fading CKF
algorithm is proposed in this paper. Multiple fading factors are introduced to adjust the observation noise covariance matrix or state
prediction covariance matrix. A filter state Chi-square test method based on the statistical characteristics of filtering residual sequence is
designed to check the filter state, and determine the introducing means of the fading factors autonomously, which makes the introduction
of the fading factors is more reasonable. Experiment results show that the proposed algorithm can maintain strong robustness and
adaptability even under the conditions of inaccurate system modeling and abnormal non-Gaussian observation noise interference. The
attitude misalignment error is about 0. 01 ° and the yaw misalignment error is less than 0. 1°.

Keywords : inertial navigation system; nonlinear alignment; cubature Kalman filter; fading factor
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