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High accuracy prediction method for typical hydraulic system
pressure data based on SSA-LSTM-Attention

Zhou Hao' Feng Hao' Zhou Chenxi' Yin Chenbo’ Cao Donghui’ Ma Shoulei’

(1. School of Artificial Intelligence, Nanjing University of Information Science & Technology, Nanjing 210044, China;

2. School of Mechanical and Power Engineering, Nanjing University of Technology, Nanjing 211816, China;
3. Sany Heavy Machinery Co. , Ltd. , Suzhou 215334, China)
Abstract: As the core component of automatic control system of hydraulic excavator, the reliability of hydraulic system pressure sensor
directly affects the control performance of the whole excavator. To solve the key problem of loss of control system signal caused by
pressure sensor failure under complex and severe working conditions, this study proposes a high-precision pressure data real-time
prediction method based on depth learning. Firstly, based on the electro-hydraulic proportional control system of 37t hydraulic excavator,
a test platform is established to collect the data of multi-source sensor under the actual excavation and loading operation condition;
Secondly, the maximum information coefficient method is used to analyze the feature correlation, and the 125-dimensional original data is
reduced to the 10-dimensional effective feature, and the high-quality data set is constructed by means of Kalman filtering and
standardization; Then, the feature weight distribution module based on attention mechanism is designed, and the super-parameter
configuration of long short term memory ( LSTM) network is optimized by combining with sparrow search algorithm(SSA) to construct the
SSA-LSTM-Attention fusion prediction model. Through the experimental verification of seven typical prediction models, such as
convolutional neural network (CNN) , gate recurrent unit (GRU) and LSTM, this method shows significant advantages in key pressure
data prediction. The experimental results show that the mean absolute error and root mean square error of SSA-LSTM-Attention model are
reduced by 54.45% and 54. 56% respectively compared with the traditional LSTM model. The research proves that the proposed method
can effectively solve the data compensation problem under sensor failure condition, and provide theoretical support for the fault tolerant
design of intelligent control system of engineering machinery.
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Fig. 1 Schematic diagram of hydraulic

system for robotic excavator
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Table 1 Basic parameters of experimental equipment
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Fig.2 Movement diagrams for each phase of the complete working cycle
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Fig.3 Sensor placement diagram in the site layout
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Table 2 Auxiliary variables for preliminary screening
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Fig.4 Maximum information coefficient value for each input variable
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Table 5 Each model outputs experimental results

T DA 7Y R? MAE RMSE  fRiR#
CNN 0.999 12 0.16367 0.21480 1.469 75
CNN-LSTM 0.999 03 0.15829 0.22501 1.314 13
GRU 0.999 05 0.14746 0.22346 1.564 86
PSO-GRU 0.99931 0.13131 0.19041 1.128 19
LSTM 0.999 15 0.13997 0.21054 1.467 53
GA-LSTM 0.996 02 0.32622 0.456 09 2.43521
PSO-LSTM 0.99943 0.12592 0.17307  0.978 37
LSTM-Attention ~ 0.999 47 0.118 86 0.16679 0. 898 02
SSA-LSTM-Attention 0.999 83  0.063 75 0.095 66  0.599 39
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Fig. 8 Distribution of real-time prediction errors
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