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Abstract 
In view of the characteristics of multi-type and complex samples in fault diagnosis of 
marine regional distribution power system, a multi granularity extreme learning 
machine (MGELM) model is proposed to apply to fault diagnosis. The simulation model 
of ship ring area distribution system is built by SIMULINK, the voltage and current of 
distribution line and the energy signal characteristics of generator set are extracted by 
wavelet packet decomposition; Based on the multi granularity feature subset obtained 
by neighborhood rough set attribute reduction, the ELM network is improved, and 
combined with the reliability weighted voter, the MGELM model is constructed to 
diagnose the ship regional distribution fault. Compared with extreme learning machine, 
support vector machine and random forest model, the experimental results show that 
the proposed method improves the model training stability by more than 80% compared 
with extreme learning machine, it has higher accuracy and reliability compared with all 
comparison models in classification performance, and can still maintain the optimal 
classification effect when the samples are unbalanced. 
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1. Introduction 

With the continuous development of ship navigation, ship equipment becomes more complex, so 
higher requirements are put forward for the power supply quality and reliability of ship power 
grid[1].The Marine ring area distribution scheme can guarantee the higher power supply reliability. 
Ship operation will inevitably occur faults, so it is necessary to establish a perfect and efficient fault 
diagnosis system to ensure the early diagnosis and troubleshooting of faults as soon as possible. 

Fault diagnosis mainly consists of feature extraction and classification model construction. In 
literature [2], fault signals of generator gear box were decomposed by wavelet packet and diagnosed 
by BP (Back Propagation) neural network. However, BP neural network is prone to local convergence. 
Reference [3] combined the Directed Acyclic Graph (DAG) and Support Vector Machine (SVM) to 
diagnose the faults of ship's main engine, which improved the diagnosis accuracy and reduced the 
diagnosis time. However, due to the large combination of attribute reduction, subsequent fault 
classification may be affected. In literature [4], layered faults of transformers are diagnosed by 
optimizing RF (Random Forest), which reduces the dimension and complexity of samples. Literature 
[5] combines convolutional neural network with ELM (Extreme Learning Machine) for classification 
and recognition of ships, which improves the training speed, but the feature extraction and recognition 
accuracy need to be improved.In literature [6], Particle Swarm Optimization (PSO) was used to 
improve the ELM algorithm and build a fault identification model for Marine generator sets, which 
improved the diagnosis accuracy. 
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This paper will use SIMULINK to build the simulation model of the ship annular area power 
distribution system. By sampling the voltage and current at each position of the distribution line and 
the output power of the generator set, the rotor speed, to obtain the original data of the system model 
under various operating conditions. Wavelet packet decomposition is used to extract energy features 
from continuous original data to obtain discrete feature vectors. Multiple feature subsets were 
obtained by neighborhood rough set attribute reduction to reduce the input feature dimension. Finally, 
a multi-granularity extreme learning machine model was constructed by multiple feature subsets and 
reliability weighted voting machine, which was used for fault diagnosis of ship regional distribution 
power system. 

2. System Model and Data Acquisition 

2.1 System Model 

Figure 1 shows a typical annular regional power distribution system for ships. Each power generation 
unit forms an annular connection through the Main Switchboard (MSB), and each regional load is 
connected to the bus through the Main Switchboard. Normally, the power source for the area load is 
the bus on one side. When a fault occurs on this side, you can switch to the other side to ensure the 
reliability of the power system.In this paper, a simulation model of ship regional power distribution 
system was built by SIMULINK, and the specific parameters of system construction are shown in 
literature [7]. 
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Figure 1. Typical ship ring area distribution network 

 

In the short circuit fault of distribution system, the main fault is single - phase grounding fault[8].In 
this paper, the single-phase grounding fault and two-phase short-circuit fault data of two power 
distribution boards are collected. Thirteen system working conditions are obtained. In order to make 
the data more consistent with the reality, on the basis of measuring the original signal intensity, the 
noise with SNR of 40, 30, 20 and 10 was added to reflect the system conditions under different noise 
levels. 

2.2 Data Acquisition and Feature Extraction 

The original data set is continuous signal, which can not directly reflect the characteristics and 
changes of the system, and is not easy to be applied to the training of classification model. Through 
wavelet packet decomposition, signals can be decomposed and reconstructed to obtain discrete energy 
characteristics. Figure 2 shows two-layer wavelet packet decomposition. S is the original signal. In 
each level of decomposition, the frequency band signal of the upper level is dichotomized. Finally, 
the optimal decomposition is calculated by minimizing the cost function. The process of wavelet 
packet algorithm can be seen in literature [9].In this paper, db4 (Daubechies N) wavelet function is 
used for 4-layer wavelet packet decomposition, and the lowest frequency signal is reconstructed, and 
the reconstructed signal energy is calculated to construct the feature vector. 
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Figure 2. Schematic diagram of wavelet packet decomposition 

 

Assuming that Sw=(s1,s2,...,sn) is the reconstructed signal of sub-band w decomposed by wavelet 
packet, then the energy characteristics of each sub-band can be obtained as follows: 
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The Wavelet packet decomposition consists of 16 bands, each containing 44 signals. As shown in 
Figure 3, the energy stack diagram of the three-phase current of the first panel under different working 
conditions. 
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Figure 3. energy stack diagram 

 

As can be seen from FIG.3, under normal working conditions, the energy is mainly distributed in the 
frequency band 0-250Hz. When A ground contact fault occurs, the energy of phase A increases 
significantly, while the energy of the other two phases decreases. Therefore, the classification model 
can diagnose faults by energy distribution characteristics. 
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3. Fault Diagnosis based on Multi-granularity Extreme Learning Machine 

3.1 Extreme Learning Machine 

ELM is a kind of single hidden layer feedforward neural network, which generates hidden layer node 
weights and bias by random or artificial Settings, so that ELM has more advantages in learning rate 
than traditional neural network[10]. 

For N training samples X=[x1,x2,…,xn]and the corresponding label T=[t1,t2,…,tn], when g(∙) 
achieves zero error approaching X, the ELM network with k hidden layer nodes can be expressed as 
follows: 
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Among them, wi is the connection weight of the input layer and the hidden layer, βi is the connection 
weight between the hidden layer and the output layer, δi is the bias of the ith hidden layer node.Then 
β can be converted into the least square solution of the following equation: 

 

 H T                                          (3) 

 

Where H is the output matrix of the hidden layer. Assuming that the generalized inverse of H is H+, 
the solution can be obtained as follows: 

 

 ˆ=H T                                          (4) 

3.2 Neighborhood Rough Set Attribute Reduction 

Classical rough set theory is often used for classification and attribute reduction of uncertain 
information, but not for continuous data. In reference [11] , the strict equivalence relation in classical 
rough sets is replaced by the neighborhood relation, and neighborhood rough set is proposed, which 
makes the rough set more suitable for continuous data system. 

In A decision table S=<U,V,A,f>, U is the theory domain,V is the range of values,A =C∪D, C is the 
set of conditional attributes, D is the set of decision attributes, and F is the information function of 
U×A→V.D divides U into N equivalence classes: X1,X2,...,XN, then for ∀B⊆C, the upward and 
downward approximation of D with respect to B is defined as: 
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Where δ(xi) is the set of δ  neighborhood elements of xi in U, The dependence of D on B can be 
obtained by the following approximation: 

 

      Card / CardB BD N X U                                (7) 
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For ∀a∈A-B, define the importance of attribute A to the conditional attribute set B as: 

 

      , , B a BSIG a B D D D                                (8) 

 

Starting from the empty attribute set RED, the attribute with the greatest importance relative to RED 
is added to the residual condition attributes every time, until the importance of the remaining attributes 
are all 0, then the reduced set RED can be obtained. 

3.3 Multi-granularity ELM Diagnostic Model 

For traditional ELM, when the sample has too many features, it is easy to lead to over-fitting of the 
trained network model, and increase the cost of calculation and storage[12-13].And the weight and 
bias of ELM hidden layer are randomly generated, which makes the trained model not stable 
enough.In view of the above problems, this paper makes the following improvements to ELM: 

1) Neighborhood rough set attribute reduction algorithm was adopted to obtain feature subsets of 
different granularity levels under different neighborhood radii to reduce the feature dimension of 
input of a single ELM model; 

2) Train multiple sub-ELM classifiers through multiple feature subsets obtained, express the theory 
domain from different granularity levels, and combine it in the form of reliability weighted voting, 
so as to reduce the instability of ELM itself and improve the adaptability of ELM algorithm. 

Figure 4 shows the structure of multi granularity extreme learning machine (MGELM) model after 
ELM improvement.M feature subsets were generated from the original feature data by neighborhood 
rough set attribute reduction algorithm at different granularity levels.Each feature subset will 
correspond to a block containing N randomly generated ELMs.The output of all blocks constructs a 
prediction vector P with length M*N.The prediction vector will give the score of each category 
through the reliability weighted voting device, and finally select the label corresponding to the 
maximum score for output.The weight training rules of the reliability weighted voting machine are 
as follows: 

For the classification problem with the number of categories C, the prediction of ELMij about XT is 
Pij by training data XT=(x1,x2,…,xn) and the label YT=(y1,y2,…,yn), If  the number of Class k 
correctly predicted by Pij is  and the number of Class k incorrectly predicted by Pij  is , Then 
you can define the confidence level for the voter output class n when the ELMij output is class m: 
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Then the weight of the prediction vector to class node h is: 
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Voter weights are generated based on real-time values of prediction vectors rather than fixed.In the 
actual implementation, the weight table is generated by training data, and the weight S of voting 
machine is obtained by looking up the table combined with the output vector. 
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Figure 4. Structure diagram of MGELM model 

4. Simulation Experiment and Result Analysis 

4.1 Evaluation Indexes of the Model 

In this paper, 13 state categories are studied, which is a typical multi-classification problem.In order 
to better reflect the performance of the model, classification Accuracy (ACC), reliability (RE), 
Macro-F1 index (mF1) and Kappa coefficient (KP) were selected to evaluate the model. The 
calculation formula is shown in Table 1. The CFSijIs the element of the confusion matrix, represents 
the number of actual label i and predicted label j in the output, cfsri and cfsci is the sum of elements 
in row i and column i of the confusion matrix, H is the total number of samples, and C is the number 
of sample categories. 

 

Table 1. Model evaluation indicators 
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4.2 Influence and Configuration of Model Parameters 

The tuning parameters of the MGELM model mainly include multi-granularity feature subset 
construction parameters and ELM construction parameters. In the construction stage of multi-
granularity feature subset, the neighborhood radius of the neighborhood rough set was changed from 
0.05 to 0.6 by step size of 0.05 to obtain feature subset with different granularity levels. The six 
feature subsets with the largest differences were selected for model training, and the results were 
shown in Table 2.In order to reduce the computing load, the number of ELM in each block of the 
MGELM model was set as 14, and the number of hidden layer nodes in each sub-ELM was set as 8. 

 

Table 2. Feature subsets at each granularity level 

Level of granularity Feature subset 

1 450,418,466,482,194,20 

2 466,498,482,418,434,450 

3 421,451,435,419,8,465,466,498,482 

4 461,434,419,450,418,465,466,498,482 

5 449,450,434,418,163,3,465,466,498,482,1 

6 449,450,419,434,418,435,12,479,465,562,466,498,482,483,50 

4.3 Stability Comparison of Model Training 

Due to the randomness of connection weight of ELM hidden layer, MGELM also has randomness.In 
practical application, randomness will lead to the instability of model training, which requires a lot 
of repeated training to obtain a better model, which is not conducive to the practical application of 
the model.The following is to compare the model stability of MGELM and ELM. The models are 
trained for 100 times respectively, and the test data are used to obtain the value of each indicator, and 
the standard deviation of each indicator is obtained. The results are shown in Table 3. 

 

Table 3. Standard deviation of evaluation indexes 

 ACC RE mF1 KP 

MGELM 23 24 23 25 

ELM 142 152 146 154 

 

It can be seen from Table 3 that the standard deviations of the four indicators of MGELM are 
significantly smaller than that of ELM, which indicates that the model training process has higher 
stability.Based on the standard deviation of ELM indicators, MGELM improved its stability by more 
than 80%.The reason is that MGELM uses multiple ELM blocks for reliability weighted voting to 
produce output, so the randomness is greatly balanced. 

In order to verify the comprehensive performance of the models, ELM, RF and SVM models were 
selected for comparison.Where, SVM is a nonlinear SVM with Radial Basis Function (RBF) kernel.In 
the case of balanced sample distribution, all models were verified by cross-folding, and the results 
were shown in Table 4. 
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Table 4. Evaluation index data of each model 

 ACC RE mF1 KP 

MGELM 0.9827 0.9813 0.9820 0.9812 

ELM 0.9325 0.9267 0.9317 0.9269 

RF 0.9681 0.9583 0.9680 0.9654 

SVM 0.9619 0.9588 0.9641 0.9587 

 

By horizontal comparison of the data in Table 4, it can be seen that the scores of all models under the 
four indicators are relatively close. This is because under the balanced sample, the bias of models to 
normal samples and fault samples of ship regional distribution is relatively balanced. However, RE 
index has a slight decrease compared with AC index, which indicates that under the current data 
division, each model still has a slight bias towards normal samples, which also leads to a decrease in 
KP index. In longitudinal comparison, ELM model has the worst performance, because the expression 
mode of a single ELM is relatively single. When the number of nodes in the hidden layer is smaller 
than the number of samples, the data samples may have complex collinearity problem[14], the 
performance of the complex sample with noise is poor, leading to the degradation of the overall 
performance of the model; The performance of RF and SVM is close to and in the middle. The former 
adopts multiple decision trees to weight the output, effectively balancing the error, while the latter 
maps the data space to other dimensions through the kernel function, increasing the separability of 
data. MGELM has the best performance, which indicates that the MGELM model constructed by 
multiple granularity feature subsets and reliability weighted voting can describe data in a more 
comprehensive way. 

5. Conclusion 

In this paper, the ship annular area power distribution system model is built by SIMULINK, and 
various failure modes are studied, and rich original data are collected. Through wavelet packet 
decomposition, signal features are extracted effectively and sample data are constructed. Based on 
the characteristics of fault diagnosis of ship regional power distribution system, the ELM model was 
improved. Neighborhood rough set was introduced for attribute reduction, ELM network under multi-
granularity feature subset was constructed, and the RELIABILITY weighted voting machine was 
combined to construct the MGELM model for ship distribution fault diagnosis. Compared with other 
mainstream classification models, the results show that the proposed method has better performance 
in model stability and classification performance, and can be applied to the fault diagnosis of Marine 
regional power distribution system. 
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