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ABSTRACT 
Measurement and verification play a crucial role in flexible production, and with the development of 
technology, advanced measurement systems in flexible production systems gradually integrate fault 
diagnosis and prediction techniques to improve production efficiency. In this paper, a deep confidence 
neural network model, combined with the ISSA-VMD feature fusion model, is used to model fault 
diagnosis and prediction in flexible production of power systems. The training effect, prediction 
performance, feature extraction and fault diagnosis of this paper's model in flexible production are 
evaluated and analysed through simulation experiments. The Loss value of this paper's model 
converges to about 0.05 after 15 rounds of training, and has a good fitting effect on the training and 
test sets. The RMSE, MAE and R² of the model in this paper are 0.613, 0.371 and 0.988, respectively, 
which show good prediction performance. And the prediction results in the measurement system of 
power generation in flexible production are also more close to the real results. In addition, the DBN 
model incorporating ISSA-VMD feature fusion can completely separate the five fault signals, and the 
overall fault identification accuracy reaches 98.53% for the fault test set selected in this paper, which 
has strong diagnostic effect. This study provides more scientific and effective technical support for 
metrological verification in flexible production. 

Keywords: Deep confidence neural network, ISSA-VMD feature fusion, fault diagnosis and prediction, 
flexible production 
 

1. Introduction 

Metrological calibration refers to the process of testing, calibrating and verifying instruments, 
measuring equipment and metrological systems of production processes to ensure that they meet 
predetermined standards of accuracy and reliability. The purpose of metrological veriϐication is to 
ensure the reliability and consistency of the metrological data, to ensure the accuracy of the 
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measurement results, and to provide the necessary guarantee for scientiϐic research, engineering 
design and quality control [1-4]. The principle of metrological veriϐication mainly includes the 
accuracy, sensitivity and repeatability of instruments. The accuracy of the instrument refers to the size 
of the deviation between the measurement result and the actual value of the instrument, i.e. the error 
of the instrument. The accuracy of the measurement results depends on the accuracy of the instrument, 
so the instrument must be made to achieve the required accuracy [5-8]. With the development of 
industrial modernisation, intelligence, automation, large-scale and complexity have gradually become 
the main features of ϐlexible production, which, due to the high degree of integration and complexity 
of the structure, leads to a high failure rate and elevated risks in terms of safety and economy [9-12]. 

Flexible production is a ϐlexible, adjustable and efϐicient production method, which plays an 
important role in modern manufacturing. The core concept of ϐlexible production is to adjust the 
production capacity and production speed of the production line according to the market demand and 
customer requirements, in order to maximise customer satisfaction and improve the competitiveness 
of the enterprise [13-15], therefore, the fault diagnosis and prediction techniques of advanced 
measurement systems in ϐlexible production are particularly important. Fault diagnosis and prediction 
techniques utilise real-time and historical state information of subsystems and components [16-17] 
to reduce the time and cost of the system operation and maintenance process with efϐicient and cost-
effective diagnostic and predictive measures, improve system performance, safety, reliability and 
maintainability, and are a core technology for achieving both contingent maintenance and autonomous 
assurance [18-20]. 

In this paper, a ϐlexible production simulation system for power systems is constructed, and a deep 
conϐidence neural network is used as the basic model for fault diagnosis and prediction of advanced 
measurement systems in ϐlexible production. The power ϐlexible production fault diagnosis and 
prediction system is modelled by determining the top-level feature classiϐiers, selecting appropriate 
model parameters, and incorporating the fault feature extraction model with ISSA-VMD feature fusion. 
Finally, combined with simulation experiments, the circuit faults in the system are identiϐied, 
diagnosed, and the prediction performance of this paper's model is evaluated using RMSE, MAE, and 
R² assessment metrics. 

2. Fault diagnosis and prediction models in flexible production of power 
systems 

2.1. Power system flexible production simulation system 

This paper proposes a power system “ϐlexible production simulation”, which is a power system 
production simulation that takes into account load forecasting errors, the randomness, volatility and 
intermittency of uncertain power supply, the random failures of units and other uncertainty factors, 
as well as energy storage. In addition to obtaining the economic and reliability indicators of 
conventional power system stochastic production simulation, it can also be used to assess the impacts 
brought by the uncertain power source access to the power system. 

At present, the power system large-scale access to the uncertainty of the power supply mainly wind 
power and photovoltaic power generation, so this paper proposes the power system “ϐlexible 
production simulation” study of the power supply form is mainly conventional power (thermal, 
nuclear and hydropower), wind power, photovoltaic as the representative of the uncertain power 
supply as well as to cooperate with the large-scale uncertainty of the power supply effectively grid-
connected energy storage (mainly pumped storage). Energy storage (mainly pumped storage). The 
steps of the “ϐlexible production simulation” of the power system including the above power sources 
are as follows: 
1) Select the horizontal annual planning scheme for which the power system “ϐlexible production 
simulation” is required. 



FAULT DIAGNOSIS AND PREDICTION TECHNIQUES FOR ADVANCED 3023 

 

2) Conduct stochastic production simulation of the selected horizontal annual planning scheme by the 
serial operation frequency method, and obtain the conventional economic and reliability indexes, as 
well as the capacity credibility of the uncertain power source and the avoidable costs. 
3) According to the multi-objective optimization theory, the maintenance plan of power system 
generating units is arranged by considering the system standby rate and maintenance risk degree. 
4) Based on the system maintenance plan, develop the system unit combination program, if the unit 
combination program does not satisfy the system constraints, go back to re-conduct the unit 
maintenance plan development. 
5) Conduct peak analysis based on the unit combination scheme to obtain the level of power system 
abandoned energy and electricity based on the peak level. 
6) Based on the unit combination scheme for frequency regulation analysis, to get the level of power 
system abandoned energy and electricity based on the frequency regulation level. 
7) Comprehensively derive the total power system power loss with uncertainty power source and 
energy storage. 
8) Analyze and evaluate other characteristics of the power system as needed. 
9) The end of the “ϐlexible production simulation” of the power system. 

2.2. Deep Confidence Neural Network Model 

DBN (Deep Belief Network) is a very important structure in deep learning algorithms and is a 
probabilistic generative model [21-22]. Structurally, DBN has a deep neural network with multiple 
hidden layers, which is a combination of unsupervised feature learning and supervised parameter 
tuning. Unsupervised greedy learning is carried out through stacked restricted Boltzmann machines 
to achieve high-level, abstract feature extraction from raw data, after which the parameters are back-
tuned by a back-propagation neural network (BP) to obtain accurate feature matrices for supervised 
learning of the data. 

2.2.1. DBN model training based on restricted Boltzmann machines: 
1) Restricted Boltzmann Machine. Restricted Boltzmann Machine (RBM) is an energy-based model 
that learns probability distributions from input data, and its basic composition includes two layers, 
visible and hidden, with no directionally full connections between neurons in the visible and hidden 
layers through weights and no connections between neurons within the layers [23-24]. 

Where n  is the number of neural units in the visible layer; 1 2[ , ,..., ]nv v v v  is the state of neurons 
in the visible layer; m  is the number of neural units in the hidden layer; 1 2[ , ,..., ]mh h h h  is the state 
of neurons in the hidden layer; and nmw  is the connection weight between the visible layer and the 
hidden layer. Assuming that there are n  visible units in the visible layer and m  hidden units in the 
hidden layer, the energy function between the visible layer neural units and the hidden layer neural 
units ( , )v h  is when both the visible and hidden unit states are binary (0 or 1): 

  
1 1 1 1

,
n m n m

i i j j i ij j
i j i j

E v h a v b h v w h
   

       (1) 

where iv  is the state of the i nd neuron in the visible layer; jh  is the state of the j th neuron in the 
hidden layer;  , ,ij i jw a b    is the value of the parameter when training the RBM; ijw   is the 
connection weights between the i th neural unit in layer v  and the j th neural unit in layer h ; and 

ia  and jb  are the bias values of the i th unit in layer v  and the i th unit in layer h , respectively. 
 ,v h  for the joint probability distribution: 
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Where,    ,

,

E v h

v h

Z e    is the normalisation factor, which represents the energy summation of 

all possible states of the set of neurons in the visible and hidden layers. 
When the states of the visible layer neurons are determined, the activation probability of the hidden 

layer neurons can be obtained, in this case, the activation probability of the i nd neuron of the hidden 
layer is: 

  
1

1
n

j j i ij
i

P h v b vW


 
   

 
  (3) 

Similarly, the activation probability of the i st neuron of the visible layer is obtained when the state 
of the hidden layer neurons is determined: 

  
1

1
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i i ij j
j

P v h a W h


 
   

 
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Where  x  is the activation function, which exists to improve the nonlinear mapping ability of 
the model. The sigmoid is chosen as the activation function because it can map the value of  ,   
to the interval  0,1 : 

   1

1 x
x

e
 


 (5) 

Summing all the states of the hidden layer node set yields the marginal distribution of the visible 
layer node set, which represents the probability that the visible layer node set is under some state 
distribution: 

    
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The parameter  , ,ii i jw a b   is learnt by solving the great log-likelihood function of the training 
dataset to ϐind the most suitable value of  . 

The likelihood function is solved by using gradient descent method to solve  . The logarithm of the 
likelihood function is greatly simpliϐied for ease of computation: 

    * ( )

1

arg max arg max log
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t

t
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where T  is the number of training samples and the partial derivative of parameter   during the 
solution is: 
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Where, P
   denotes the probability distribution P   mathematical expectation;  ,P h v   

denotes the probability distribution of the hidden layer when the neurons in the visible layer are the 
input training samples. 

Combining the above equation, the update criterion for the model parameters is obtained: 



FAULT DIAGNOSIS AND PREDICTION TECHNIQUES FOR ADVANCED 3025 

 

 

 
 
 

mod

mod

mod

ij i j i jdata el

j j jdata el

i i idata el

W v h v h

b h h

a v v







  

  

  

 (9) 

where   is the learning rate; data
  is the mathematical expectation deϐined by the input training 

dataset; and model
  is the mathematical expectation deϐined by the model. 

The Contrastive Divergence, (CD) algorithm [25], which can obtain a better valuation after a small 
amount of training, is based on the idea of reconstructing the RBM structure, which mainly consists of 
reconstructing a hidden layer to form a visible layer ϐirst, and then building a corresponding hidden 
layer based on the visible layer formed by the reconstruction. 

According to Eq. (3) and Eq. (4) conditional probability distributions, the computation of the model 
expectation in Eq. (9) is converted into the mathematical expectation deϐined by the reconstructed 
model by two Gibbs sampling. The update law for the entire network model parameters in Eq. (9) 
becomes: 

 

 
 
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ij i j i jdata recon
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b h h

a v v
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

  

  

  

 (10) 

where recon
  is the mathematical expectation deϐined by the reconstructed model. 

2) DBN structure and training process. The DBN model structure is shown in Fig. 1, and its parameter 
training is mainly divided into two stages: 

(1) Pre-training phase. This phase adopts greedy learning, using unlabelled data to train each layer 
of RBM bottom-up unsupervised, using CD-1 algorithm to reconstruct each layer of RBM according to 
Eq. (3) and Eq. (4), and updating the model parameters   according to Eq. (10), and completing the 
training of one layer of RBM when reaching the set number of iterations or the threshold to ensure 
that the feature information is mapped optimally within the layer. 

(2) Tuning phase. When the pre-training is ϐinished, it is necessary to add an inverse BP network to 
the tail layer of the DBN network, connect the classiϐiers, use the cross-entropy as the loss function, 
and make use of the error between the labelled data and the output of the classiϐiers to carry out 
supervised ϐine-tuning of the parameter    matrices obtained from the DBN network in the pre-
training stage from the top down, so as to make the output of the DBN model maximize the 
presentation of the original inputs. 

Finally, the top classiϐier is used to classify the output. 



3026 ZHAO ET AL. 

 

Tagged data

RBM n+1

RBM 2

RBM 1 w0

Classifier

w1

wn
BP

BP

BP

xi

hn

v0

h0 (v1)

h1 (v2)

 

Fig. 1. DBN model structure 

2.2.2. Top-level classiϐier determination. In this paper, Softmax function is chosen to implement the 
DBN output feature classiϐication.Softmax regression model is an extension of Logistic regression 
model in solving multiclassiϐication problems.Multiclassiϐication carried out by Softmax regression, 
classes are mutually exclusive, i.e., an input can only be classiϐied into one class. 

Its output can take more than one, if the classiϐication problem has k  category, i.e., category label 
y   can take k   different values. Suppose there are m   samples, for the training set 
      1 1 2 2, , , , ,m mx y x y x y , the category label is  1, 2,my k  ; for a given input sample i , its feature 

vector  21, , ,
T

i il nix x x x   , n   is the sample dimension; using the hypothesis function  0 ih x   to 
estimate x   belonging to the probability of occurrence of each category value  i iP y j x  , 

1, 2,j k  , the class with the largest probability value is the category to which the input sample is 
ultimately identiϐied as belonging to, i.e., the category label of the output: 
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where  0 1h x   outputs a k  -dimensional column vector; 1

1

j

k
x

j

e


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T

  is a normalisation of the 

probability distribution of the classiϐication result, which ensures that the sum of the probability 
values of the samples belonging to different classes is equal to 1; and 1 2, , , k    is the parameter 

vector of the Softmax classiϐier. The probability value that sample ix  belongs to class k  is: 
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The Softmax loss function is to transform the true weight vector into a probability distribution, often 
using cross entropy as the loss function to ensure that the output of the model is as close as possible 
to the desired output, the loss function is: 

    
1

11 1

1

1
1 log
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j
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where 1   is the indicative function, which takes the value of 1 when 1y j  and 0 otherwise. 
The minimisation process of cross-entropy is the process of improving the accuracy of Softmax 

classiϐication, i.e., ϐinding the appropriate parameter   to minimise the value of Eq. (13), which is 
generally used to solve  min J    the unconstrained optimisation problem by gradient descent 
method. The partial derivative of each parameter   in Eq. (13) during gradient descent is: 
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The gradient descent process requires the following updates at each iteration: 
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where   is the learning rate; t  is the number of iterations. 
In order to penalise excessive parameter values, a weight decay term needs to be added to equation 

(13): 
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where ij  is the i rd row and i th column element of  ; after adding the weight decay term, for any 
0  . 

2.2.3. DBN model parameter selection. The goodness of DBN network fault identiϐication is not only 
dependent on the algorithm, but also requires the regulation of network parameters. 
1) Input and output layer nodes: the input layer size is the data length of a single sample, while the 
output layer nodes depend on the sample type. 
2) Number of hidden layers: there is no standard for selecting the number of hidden layer nodes. But 
it can be referred to as equation (17): 

 S m n a    (17) 

3) Weights and bias: In the unsupervised learning process of DBN, it is necessary to initialise the 
weights of each node and set the value of bias. The initialisation can be set according to equation (18): 
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In the above equation, where  randn  function is used to generate standard normally distributed 
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random numbers, and  ,randn n m   means to generate n   rows and m   columns of normally 
distributed matrix. 
4) Number of iterations: the number of iterations is the number of optimisation calculations in the 
training process, which makes the approximation ability of the network to meet the requirements. 
5) Learning rate: the learning rate affects the speed of the training process. When the learning rate is 
larger, the learning is faster, but it may lead to oscillations in the model training process and jump out 
of the optimal solution; when the learning rate is small, it may not converge in the iteration cycle. 

2.3. Research on fault diagnosis and prediction based on DBN neural network 

2.3.1. Feature extraction model based on ISSA-VMD feature fusion. Aiming at the problem that the 
early fault features of the bearing are weak and easy to be ϐlooded by noise and difϐicult to be extracted, 
this paper proposes a fault feature extraction model based on ISSA-VMD feature fusion, and the ϐlow 
of ISSA-VMD feature extraction model is shown in Fig. 2. 

Firstly, the bearing signal is decomposed using the VMD optimised by ISSA parameters to obtain k 
IMF components containing fault information. Secondly, the correlation coefϐicient between each 
component and the original signal is calculated, and the ϐirst 6 components with the richest fault 
information are selected and the feature indexes energy entropy and sample entropy are calculated to 
form a high-dimensional multi-feature set. Finally, the t-SNE algorithm is used to perform feature 
fusion on the high-dimensional multi-feature set to obtain the low-dimensional deep-level feature set, 
to achieve the fault feature extraction and visualisation. 
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Fig. 2. ISSA-VMD Feature fusion feature extraction model 

2.3.2. Analogue circuit troubleshooting process. The key factor affecting fault diagnosis is feature 
extraction, here we propose a feature extraction method based on time domain signal analysis, the 
features selected for time domain feature extraction include sample extreme deviation, mean, 
standard deviation, skewness, cragness, and entropy as a characterisation of the analogue circuit fault 
features, and then the resulting feature vector is used as an input to the DBN network model. The ϐlow 
of the analogue circuit fault methodology is shown in Fig. 3. 
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Fig. 3. Circuit fault diagnosis ϐlow chart 

2.3.3. Modelling of Fault Diagnosis and Prediction System for Power Flexible Production. When a 
large amount of ϐlexible production process data is obtained, data noise needs to be ϐiltered. The study 
of ϐlexible production process modelling and optimization based on evolutionary deep conϐidence 
learning enables the model to have better generalisation and ϐitting ability, fully reϐlecting the 
distribution of process extremes, so that near-optimal values can be obtained when ϐinding the 
optimum. 

The evolutionary algorithm can help the deep conϐidence network to ϐind the optimal structure and 
better initialisation weight values in the ϐirst phase of the algorithm. When the ϐirst stage is completed, 
all the connection weight values and activation function values are optimised, all the hidden layers will 
be connected, and then the back propagation algorithm is used for ϐine-tuning, which can signiϐicantly 
reduce the computational cost and is more suitable for multidimensional data processing. 

Facing the ϐlexible production process monitoring of the power system, the establishment of 
equipment fault diagnosis and prediction model can be carried out for the unit-level CNC equipment, 
which can make full use of the collected equipment data for fault classiϐication identiϐication and 
prediction identiϐication. The deep conϐidence network model architecture is continuously adjusted 
through evolutionary algorithms to ultimately obtain the optimal structure, and then the labelled data 
is used for pre-training to obtain the model, and then the equipment data is collected online for fault 
diagnosis and prediction. The modelling process of fault diagnosis and prediction based on deep 
conϐidence is shown in Figure 4. 
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Fig. 4. Based on deep conϐidence fault diagnosis and prediction modeling process 

2.3.4. Indicators for assessing the performance of time series forecasting. The structure of the basic 
DBN forecasting model is shown in Figure 5. There are many metrics to assess the performance of time 
series forecasting, and in this paper, we will choose the following three quantiϐiable metrics to assess 
the results of forecasting. 
1) Root Mean Square Error (RMSE): 
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2) Mean Absolute Error (MAE): 
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3) Coefϐicient of determination R²: 

 
 

 

2

2 1

2

1

1

l

i i
i
l

i i
i

y y
R

y y






 









 (21) 

Of the three indicators, the length of the prediction data is l , iy  represents the actual value of the 
i rd prediction data, and iy  represents the predicted value of the i th prediction data. Since RMSE 
reϐlects the average deviation between the predicted value and the actual value, it is sensitive to too 
large or too small errors in the prediction, and its value is greater than or equal to 0. When the value 
is 0, it indicates the highest accuracy of the prediction. MAE is the mean absolute error, and the smaller 
its value, the smaller the difference between the predicted value and the actual value. The value of the 
coefϐicient of determination R² is also greater than or equal to 0. When the value of R² is equal to 1, it 
means that there is no error between the predicted value and the actual value, and the prediction 
accuracy is the highest. 
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Fig. 5. DBN basic prediction model 

3. Diagnostic and predictive analysis of faults in flexible production of power 
systems 

3.1. Effectiveness of training based on flexible production in power systems 

In this paper, based on the “ϐlexible production simulation” of the power system, we verify the 
prediction performance of the deep conϐidence network model on the photovoltaic power generation. 
The pre-processed historical PV power and corresponding historical meteorological data from 
December 31, 2022 to December 31, 2023 are intercepted as the dataset, of which 50% is used as the 
training set and the remaining 50% as the test set. The DBN model is trained and tested for 
effectiveness several times, and the DBN model with optimal performance is selected to predict the 
power values at 84 time nodes on the following day. 

Figure 6 shows the loss variation curve (objective function is Loss) when the ultra-short-term 
prediction model is trained. From the ϐigure, it can be seen that the loss function is decreasing for both 
training and testing, and converges to about 0.05 after 15 rounds of training. It shows that the training 
of the model in this paper is effective and has a good ϐit on both the training and test sets. 
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Fig. 6. The loss curve of the super short-term prediction model training 

3.2. Comparison of ultra-short-term forecasting performance of flexible production in power 
generation 

In this section, based on the experimental results in the previous section, the model in this paper is 
compared with the current commonly used prediction models (LSTM, CNN, BPN) for the comparison 
experiments of predicting the PV power in the next 2 days. 

Figure 7 demonstrates the results of the comparison of the performance indexes of the four 
prediction models LSTM, CNN, BPN and DBN. From the data in Fig. 7, it can be seen that this paper's 
model has the smallest RMSE and MAE and the largest R² among all the prediction models. The RMSE 
and MAE of this paper's model are reduced by 32.4% and 42.1%, respectively, and R² is improved by 
20.4% compared to the worst performing model (BPN). This validates the performance of the model 
proposed in this paper. 
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Fig. 7. The performance index of four prediction models is compared 

Observe the results of the ultra-short-term PV power prediction using the DBN model with a 
prediction step of 1, i.e., predicting the PV power after 10 min. Figure 8 shows the prediction folds of 
PV power from 23 September 2023 to 25 September. The red folds in the ϐigure represent the real PV 
power, and the rest of the colours represent the prediction folds of different models, respectively. 
According to the data in the ϐigure, it can be seen that the model proposed in this paper has a better 
prediction ϐitting effect and higher prediction accuracy than the comparison model. 
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Fig. 8. Prediction of photovoltaic power 

3.3. Feature Extraction Visual Scatter Analysis 

The experiments in this section incorporate the feature extraction model of ISSA-VMD feature fusion 
into the DBN structure to verify the layer-by-layer feature extraction capability of the DBN model in 
fault diagnosis. Since the dimension of the input data determines the number of nodes in the input 
layer, and the number of fault categories determines the number of nodes in the output layer, the input 
nodes are set to 500, and the output nodes are set to 5. Since the constructed fault simulation dataset 
and the deep conϐidence network have a high number of feature dimensions extracted at each layer, 
which is not conducive to the visual observation, for the convenience of visualisation, only the ϐirst 3 
principal components of the fault features are shown. Figures 9 and 10 give the visualisation results 
of the features extracted from the original data and the third hidden layer of the DBN model based on 
ISSA-VMD feature fusion, respectively. 

As can be seen from the visualised scatter plot of the original features in Fig. 9, the ϐive fault signals 
are tightly clustered together. When extracted layer by layer from the third implicit layer of the DBN 
model, it can be seen from Fig. 10 that the number of differentiated signal types gradually increases, 
and ϐinally the ϐive faults are completely differentiated. Combining the results in the two ϐigures, it can 
be concluded that signals of the same type are gradually clustered together and signals of different 
types are gradually distinguished. It is obvious that the features extracted from the third hidden layer 
of the DBN model can be input into the classiϐier to obtain higher fault recognition accuracy. 
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Fig. 9. Original feature 3D-PCA mapping 

 

Fig. 10. The third implicit layer features 3D-PCA mapping 

3.4. Fault diagnosis analysis in power based flexible production 

In order to measure the effectiveness of fault diagnosis using the DBN model, this section focuses on 
evaluating the effectiveness of fault diagnosis in terms of the accuracy of fault classiϐication. In this 
paper, the overall accuracy rate ACR and the single fault identiϐication accuracy rate SAR are used as 
the evaluation indexes of the fault diagnosis method, which are deϐined as follows, respectively: 
1) ACR. The number of correct fault classiϐications divided by the number of all samples: 
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2) SAR. The number of single fault identiϐication accuracies depends on the number of fault categories 
and indicates the number of samples that are identiϐied correctly out of all samples of a particular fault 
category: 
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The fault identiϐication confusion matrix for classifying the fault data set consisting of the ϐive 
simulated signals above using the DBN model is shown in Figure 11 below. The ϐigure 150 represents 
the number of samples in each category of the test set. Based on the results in the confusion matrix, 
combined with the overall accuracy ACR of the above formula and the single fault recognition rate SAR, 
the fault classiϐication results of the deep conϐidence network are derived as shown in Table 1. 

Combining the ϐigure and table, it can be seen that the recognition rate of two kinds of faults are up 
to 100%, respectively, Fault 2 and Fault 5, and the remaining three kinds of faults are also up to more 
than 95%, and the overall fault recognition accuracy rate is also up to 98.53%, which to a certain extent 
can show that the DBN has a strong fault diagnostic ability. 

 

Fig. 11. Fault identiϐication confusion matrix 
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Table 1. The fault classiϐication of the deep conϐidence network 

Fault type 1 2 3 4 5 

SAR 98.67% 100% 98% 96% 100% 

ACR 98.53% 

4. Conclusion 

In this paper, the ϐlexible production in power system is taken as the object, and the fault diagnosis 
and prediction in the ϐlexible production of power system is modelled by deep conϐidence neural 
network model and ISSA-VMD feature fusion fault extraction model. And simulation experiments are 
used to evaluate the prediction performance and fault diagnosis effect of the model in this paper. 

The DBN model proposed in this paper shows superior results in model training, with the training 
and testing Loss converging to about 0.05 by the 15th round of training. And the RMSE and MAE of the 
model in this paper are reduced by 15.9%~32.4% and 7.6%~42.1%, respectively, and the R² is 
improved by 7.3%~20.4% compared with the comparison model. And the model in this paper has a 
better ϐitting effect with the real generation PV power folds. In addition, the DBN model incorporating 
ISSA-VMD feature fusion can completely separate the ϐive fault signals after the feature extraction of 
the third hidden layer, and has a higher fault identiϐication accuracy. The model in this paper has the 
lowest fault identiϐication rate of 96% for the ϐive simulated signals, and the identiϐication rate of Fault 
2 and Fault 5 is as high as 100%, and the overall fault identiϐication accuracy also reaches 98.53%. 
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