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Abstract. Ship power station is an important part of the ship, and the fault types of ship power
station are complex. In this paper, Simulink software platform is used to simulate and model
various short-circuit faults of ship power station. The current and voltage parameters of each phase
are selected as the source of the data set, and the data are processed and the prediction image is
plotted in MATLAB. LSTM neural network algorithm solves the problem of long-term
dependence compared with other algorithms, and has a high degree of interpretation of the
predicted data. The results show that the fault diagnosis model based on LSTM neural network
algorithm can well diagnose the fault mode of ship power station.

Keywords: ship power station, short circuit fault, Simulink, LSTM neural network, fault
diagnosis.

1. Introduction

With the development of world economy and science and technology, the demand for ships is
increasing, and the requirements for ship power stations are increasing. The load types of ships
are becoming more and more complex, and the number of generators required for ship power
stations is also increasing [1]. The ship power station achieves the condition of high power
consumption by paralleling several generators. In practice, marine generators may have various
problems, which will seriously affect the safe and stable navigation of ships. Only the stable
operation of the ship power station can ensure the stable navigation of the ship. Therefore, the
study of ship power station is of great significance.

At present, the fault diagnosis of ship power stations has been studied to varying degrees in
China and abroad. King et al. realized intelligent fault diagnosis of generator set by analyzing
generator set fault and combining BP neural network algorithm [2]. Sun Qiudong et al. designed
a generator fault diagnosis system based on fuzzy production rule reasoning by using SJY-1 radio
frequency monitor and fuzzy reasoning method, and successfully identified the generator
insulation fault [3].

With the development of intelligent and intelligent algorithms for ship power stations, the
combination of fault diagnosis and intelligent algorithms for ship power stations will be more and
more closely. Selecting appropriate intelligent algorithm to diagnose ship fault is of great
significance to fault analysis of ship power station.

2. Ship power station simulation model

Ship power station simulation model consists of three parts, data input part, ship power station
simulation model and data output part. The data input part is the system start, system stop, fault
setting command data, load switching command data, and the data output part is the generator
operation state data [4].

This experiment only needs to accurately and timely judge the generator fault mode. Therefore,
this experiment only studies the simulation of single machine model, and sets different faults
through the fault module to analyze the current and voltage data. As shown in Fig. 1, the single
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machine simulation model consists of a generator model, excitation system, diesel engine and
speed control system. The increase and decrease of the load are controlled by the circuit breaker
module, and different faults are set by the fault setting module to simulate the operation of the
ship power station under different fault conditions.

Fig. 1. Single machine model simulation

3. LSTM neural network algorithm diagnosis model
3.1. LSTM neural network

LSTM is the enhancement of ordinary cyclic neural network, which often causes the problem
of gradient disappearance or gradient explosion [5]. By changing the internal structure of the unit,
the long-term and short-term memory network can avoid the above problems caused by the long
time step, and can theoretically learn the data of any length of time step. The algorithm based on
LSTM can realize language translation, robot control, speech recognition image recognition,
handwritten text recognition, disease diagnosis and analysis, stock trend prediction, music
composition and other tasks, which can well solve the long-term dependence problem. In
industrial control, LSTM is mainly used for fault prediction and analysis [6].

3.2. LSTM data set

Combined with the above mentioned ship generator fault simulation model, running generator
stand-alone standard condition simulation model and fault condition simulation model [7]. The
Scope module in MATLAB is used to save the simulated data to the working area of MATLAB,
and the values of each input parameter are viewed. The Scope model is added to the output position
of the current and voltage parameters mentioned above, and six sets of data tables can be obtained
by running the simulation model. The table is saved under the MATLAB working path as the input
parameters of the following LSTM neural network training model.

4. Simulink fault diagnosis model
4.1. LSTM neural network initialization preparation

This paper uses code to establish LSTM neural network directly in MATLAB script file. Input
the data set into LSTM neural network training model, take the first 90 % of the data for training,
the last 10 % for testing. Parameter setting: [1] iteration number: 800; [2] Gradient threshold: 1;
[3] initial learning rate: 0.006; [4] multiplier factor: 130; [5] Decrease factor: 0.3.

4.2. Model training

Firstly, the three-phase current and voltage of the generator under normal and fault conditions
are collected by simulating the four working conditions. The more stable 10000 sets of three-phase
current and voltage data of generators are selected under each condition, and the four working
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conditions are represented by number 1-4 respectively. The number of specific sample data is
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selected as shown in Table 1.

After 800 iterations, the neural network completes the training and learning. After the
completion of the training, the parameters are input into the chart, and the predicted monitoring
value can be obtained by the algorithm model, and then the specific generator fault type can be

judged [8].

Table 1. Fault type, sample number and fault number of ship power station

Fault type Sample number | Fault number
Normal operation 10000 1
Single-phase earth fault 10000 2
Line-to-line grounded fault 10000 3
Three-phase short circuit 10000 4

4.2.1. Normal operation

There is no short circuit fault in the normal operation of the generator set. The performance
diagram of LSTM neural network training results is shown in Fig. 2. The comparison between the

neural network prediction diagram and the original data observation diagram is shown in Fig. 3.
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Fig. 2. Performance diagram of training results under normal conditions
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Fig. 3. Comparison chart of normal working condition prediction
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4.2.2. Single-phase earth fault

By setting a phase grounding short circuit through the fault module, the performance diagram
of LSTM neural network training results is shown in Fig. 4. The comparison between the neural

network prediction diagram and the original data observation diagram is shown in Fig. 5.
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Fig. 4. Performance diagram of single-phase grounding short circuit training results
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Fig. 5. Comparison chart of single-phase grounding short circuit prediction

4.2.3. Line-to-line grounded fault

The phase-to-phase short circuit between a and b is set through the fault module. The
performance diagram of LSTM neural network training results is shown in Fig. 6. The comparison
between the neural network prediction diagram and the original data observation diagram is shown
in Fig. 7.

4.2.4. Three-phase short circuit

The a, b, c three-phase short circuit is set through the fault module, and the performance
diagram of LSTM neural network training results is shown in Fig. 8. The comparison between the
neural network prediction diagram and the original data observation diagram is shown in Fig. 9.
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Fig. 8. Performance diagram of three phase short circuit training results
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Fig. 9. Comparison chart of three-phase short circuit prediction

4.3. Comparison between LSTM and BP neural network

The BP neural network module in Simulink is connected to the power station model. The
collected current and voltage parameters are connected to the BP neural network module as the
input end, and each working condition is operated to obtain the prediction results of the BP neural

network. Compared with the prediction parameters obtained by LSTM neural network, the
comparison data are shown in Table 2.

Table 2. LSTM and BP neural network fault diagnosis model data comparison

Diagnosis model Diagnostic accuracy
LSTM neural network 99.986 %
BP neural network 96.024 %

Diagnosis time
15.902 s
47.325s

4.4. Experimental conclusion

The above pictures show that the LSTM neural network prediction maps are quite different
under different fault conditions, and the generator short-circuit fault can be accurately judged. The
fitting degree of training results and input values is also very high. And the training results show
that the root mean square error is small, indicating that the variable has a strong ability to explain
the predicted value. Compared with BP neural network, LSTM neural network has faster fault

diagnosis time and higher accuracy. The experimental results show that LSTM neural network
can be well used in fault diagnosis of ship power station.

5. Conclusions

This paper introduces a fault diagnosis model of ship power station based on LSTM neural
network algorithm. The generator simulation model is built based on the Simulink platform in
MATLAB. On this basis, the model is simulated for different faults, and the data set required by
the neural network algorithm is collected. In terms of algorithm, the long-term and short-term
memory network is selected. Compared with other neural networks, LSTM network can realize
the long-term memory of information, and has better explanatory power for the predicted value.
The algorithm code is established in MATLAB platform, the data set is substituted, and the
diagnosis results are obtained by running the model. Through the final results, LSTM neural
network can well complete the fault diagnosis of ship power station.
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