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Abstract: Fault diagnosis technology is crucial for the safety and stability of the operation of wind turbines. Efficient wind

turbine fault diagnosis technology quickly identifies the types of failures in order to reduce the operating and maintenance

costs of wind farms and improve the efficiency of power generation. The majority of wind farms currently use supervisory

control and data acquisition (SCADA) systems to acquire operation and maintenance data. SCADA systems are rich in

data pertaining to the working parameters of wind turbines. Moreover, fault diagnostic functionality is not common in

SCADA systems. SVMs are a common intelligence technique used in the fault diagnostics of wind turbines. The choice of

SVM parameters is essential for precise model classification. The penalty factor and kernel function parameter of SVM

were optimi zed in this study along with the construction of the SSA-ABC wind turbine defect detection model using the

Artificial Bee Colony (ABC), a brand-new and very effective optimization technique. Data are obtained from a wind farm

SCADA system and, after pre-processing and feature selection, entail a faulting set. Evidence suggests that the ABC-SVM

diagnostic model, which has a quick convergence rate and a potent optimization capability, effectively enhances the

accuracy of wind turbine fault diagnosis when compared to the GS-SVM, GA-SVM, and PSO-SVM models. The ABC-SVM

diagnostic model may also be utilized in real-world engineering applications to identify defects.

Keywords: Artificial Bee Colony (ABC), fault diagnosis, wind turbines, support vector machine (SVM), parameter

enhancement.

I. INTRODUCTION
Environmental issues and increased energy use are constant effects of rapid economic development. Regional and national
sustainability are hampered by the disparity in socioeconomic development levels among areas [|]. More accessible wind
energy solutions are required as wind energy's importance in the production of renewable energy has grown. For the
expansion of wind energy, health monitoring of turbines may offer a number of financial and other advantages.
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Fig 1. Failure Rate for Wind Turbine
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For wind turbines, several commercial and scientific health monitoring methods have been put in place [2]. Wind energy
is a clean and ecologically friendly renewable energy source that has no known emissions of pollutants or hazardous waste
and does not contribute to global warming [3]. Thus, traditional power sources are rapidly being replaced by wind turbine
energy production. Large-scale wind turbines are commonly placed into operation as a result of the progressive
expansion of wind energy resources, which has increased the share of wind power in the electrical grid [4]. The total
installed capacity of wind turbines worldwide in 2019 was 650.8 GW, based on data from the World Wind Energy
Association (WWEA) that was made public at the start of 2020. Inconvenient transportation, a dispersed arrangement of
many wind turbines far from the control center, and a harsh working environment subject to constantly changing
uncontrollable factors—all of which will increase the incidence of wind turbine failures—are characteristics of wind farms,
which are typically found in remote mountains or offshore locations [5]. Figure | displays information on wind turbine
defects that one European research institution computed. The electrical system, followed by the electric control system
and sensors, has the greatest failure rate. The blades, gearbox, and generator issues are the ones that require the longest
repair times. Technology for problem identification and occurrence plays a significant role in the security and proper
functioning of wind turbines.

Technology for fault diagnosis can assist operation and maintenance employees in seeing problems early and treating them
appropriately, preventing defects that could shorten the wind turbines service life and guarantee that it operates in a safe,
stable, and cost-effective way [l. Most wind farms currently acquire operation and maintenance data through supervisory
control and data acquisition (SCADA) systems, which may give a wealth of information for problem detection. Support
vector machines (SVMs), which have the advantages of minimal sample need, good generalization ability, and high
diagnostic accuracy, and on which the majority of the literature is focused, are commonly used classification algorithms
for fault identification in fault diagnostics technologies .. The choice of the kernel function and the parameter settings
have a significant impact on the classification result in the use of SVM. It has been demonstrated that the RBF kernel
function delivers effective outcomes for nonlinear issues. The choice of the kernel parameter g and the penalty factor C is
crucial. Grid search (GS), genetic algorithms (GA), particle swarm optimization (PSO), and others are frequently used
parameter optimization techniques . The GS approach, which is comparable to an inch-by-inch search, is only
appropriate for low-dimensional data and sluggish search rates. The GA is a powerful global optimization method, but it
has a sluggish convergence rate, difficult encoding, and decoding procedures, and frequently experience-based parameter
selection P). The PSO method has a sluggish convergence rate, is inaccurate in late iterations, and is readily trapped at
local extreme points. In order to achieve a short-term forecast of future data and fault early warning, the support vector
machine (SVM) intelligent diagnosis method, the collected sample data, the normal data and fault data training and
classification; and in the early warning, the use of SVM regression function, to the Historical data training, modeling ['%.
The support vector machine (SVM) model parameters are optimized in this study using Artificial Bee Colony (ABC) and
Empirical Mode Decomposition (EMD), which increases the diagnostic and prediction accuracy of conventional support
vector machines.

1. ABC-SVM Intelligent Fault Diagnosis

SVM and SVR are optimized for diagnosis and classification using the artificial bee colony method, while the EMD
algorithm is utilized to optimize historical data for improved prediction accuracy to better forecast future data. Fault
finding, trend analysis, upkeep of the guiding system, safety assessment, etc.

A. Research on Fault Classification of ABC based on SVM

In statistical learning, support vector machines (SVM) theory is founded. The algorithm's main goals are to solve the
nonlinear issue and build the ideal hyperplane. Through the categorization of fault data, the support of the normal data,
and the ideal hyperplane [I 1]. The fundamental idea of intelligent machine learning is shown in Figure 2. Figure 3 shows
the classification diagram for a support vector machine.
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Fig 2. Basic model for Machine Learning

It is required to choose the kernel function type, kernel function parameter, and penalty factor C before employing the
support vector machine for pattern classification. The Artificial Bee Colony (ABC) approach is introduced into SVM
parameter optimization based on the SVM concept. Based on the asymptotic performance of SVM, the relationship
between the penalty factor C and the kernel function is examined to determine the two The scope of the "good area,"
and then the introduction of the linear kernel function to further narrow the search range, not only cuts down on the
optimization time for the ABC algorithm but also effectively aids the algorithm in avoiding entering the local optimal
solution, successfully solving the SVM model parameter search range is challenging to set [12]. Figure 2 shows the
flowchart for SVM parameter optimization using the Artificial Bee Colony (ABC) technique.
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B. Research Support Vector Machine Selection

The support vector machine uses the kernel function to convert the input space into a high-dimension space under the
assumption that training samples have been provided. This process converts the linearly indivisible classification problem
of the original input space into a linearly separable in high space. The best linear classifier in a high-dimensional space is
derived by using the Lagrange multiplier to solve the quadratic function extreme problem under inequality constraints. It
is required to choose the kernel function type, kernel function parameter, and penalty factor C before employing the
support vector machine for pattern classification. The findings of Vapnik et al. demonstrate that the impact of various
kernel functions on SVM performance is not immediately apparent.
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Fig 3. ABC to SVM parameters of the program flow chart

As a result, the SVM model parameter optimization technique is constructed using the RBF radial basis function as the
kernel function, the penalty factor C, and the radial basis function width parameters. The parameter optimization
approach is also applicable to various kinds of kernel functions. The classification results of bearing vibration signals C
for the normal model, inner ring fault, and outer ring fault under various model parameters are shown in Table. A and
Table. B. The findings indicate that the bearing's vibration characteristics are various. Among them, the penalty factor
C's function is to establish the data space in the model's complexity and composability. When the value of C is low,
the training error penalty is low, model fitting accuracy is lower, and experience risk is higher, but generalization ability
is higher ['’], When C is high, the model's accuracy improves, but its capacity to encourage decrease is also increased
due to the model's increased complexity. The first is referred to as a "less learning”" problem, while the second is a
"learning" problem. In order to create the best support vector machine, a suitable parameter selection is made for the
penalty factor C, which strikes the ideal balance between the capacity of the known training samples to fit and that of
the failed examples to generalize.

Result when c=2

C Classification accuracy rate
0.1 75.2
1 92.4
10 89.5
100 95.1

Table |. Result when c=2

Result when o=2

G Classification accuracy rate
0.1 71.4
1 94.8
10 61.7
100 60.2

Table 2. Result when 6=2
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When the data sample is mapped, there is a mapping connection between the kernel function, the nonlinear mapping
function, and the feature space. The complexity of the distribution of the data samples in the high-dimensional feature
space, or the spatial dimension, is reflected in the width parameter of the radial basis function. The complexity of the
linear classification surface is determined by the size of the feature space, which also establishes the maximum VC
dimension (Vapnik Cherronenkis dimension) of the linear classification surface that can be produced in this space. Higher
dimensions result in more complicated linear classifications, smaller confidence risks, and larger confidence ranges; and
vice versa ). We must thus choose the proper width parameter o, transfer the data sample to the proper high-
dimensional feature space, and then locate the proper penalty factor C in the chosen feature space to improve the fitting
ability of SVM in order to achieve SVM with strong generalization capacity. Likewise, the capacity to encourage the ideal
equilibrium.
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Support Vector Machine Parameter Optimization Model Based on Artificial Bee Colony Algorithm the Artificial Bee
Colony (ABC) algorithm mimics the natural behaviour of honey bees by classifying the bees into three distinct job
categories: gathering bees, watching bees, and spotting bees; the proportion of collecting bees and watchers to the total
number of bees. A food source correlates to a bee, meaning that there are exactly as many food sources as there are
bees. If bees accept a food source and observers give it up, the food source will equate to the bees becoming bees. The
summarizing of the search activity is as follows: Using the location of the food in their memories, the bees build a new
food source in the area. When returning to the hive, the bees communicate their new food source information to the
other bees through dancing. The food source prefers the information supplied by the bees; the observed bee looks for a
new food source in its neighborhood using the information from the chosen food source; the food source's abandoned
bee turns into a detective bee and starts looking for new random food sources. A potential solution to the optimization
issue is represented by the position of each food source in the ABC algorithm, and the fitness of each solution is
represented by the amount of nectar present at each food source. The ABC method produces an initial solution at
random, consisting of N bees and food sources. Every solution is a vector of size D, where D is the total number of
optimization parameters. When the startup is complete, the bees start looking for all of the initial solutions. To validate
the amount of nectar in the new food source and determine the fitness of the new solution, the bee will confirm the
position of the food in its memory with a specific probability in order to identify a new source of food. The bees will
recall the original food source site replaced with a new food source location, that is, the original solution replaced with
the new solution if the fitness of the new solution is higher than the fitness of the original solution. All the bees returned
to the hive once the search was finished, and they shared food sources and information about their fitness and location.
Notice the bee in accordance with the data gathered, in accordance with the nectar amount (fitness) connected to the
likelihood of choosing a food source site, and as a bee would alter the position of the memory and confirm the new
candidate nectar for a food source. The previous answer is changed to the new one if the candidate’s food source's
fitness is higher than that in the memory. The ABC technique may be utilized to optimize the SVM model parameters
after the pertinent parameters and fitness function settings have been completed. Three typical data sets from the UCI
standard data set are utilized for training and test verification in order to confirm the correctness of the proposed
method, as shown in Table C. As indicated in Table D, the SVM (SVO-SVM) algorithm, the SVM (SVO-SVM) method
improved by the common particle swarm optimization approach, the SVM (SVO-SVM) algorithm, and the SVM (SVO-
SVM) algorithm for comparison. The table lists the four algorithms' classification accuracy for various data sets and the
algorithm's penalty factor C and width parameter 6. Following multiple tests, the ABC method's maximum number of
food source cycles is set to 50, the number of cycles to terminate at |, and the quantity of food source SN is set at 20.
Set to 1000. [0.1, 1000] is the SVM parameter search range.

Standard data set | Data Dimention | No of Treining Samples | No of Test Samples
Iriz 5 100 52
Glass 1 gl 97
Heart 1 185 &%

Table 3. About the UCI Dataset
The investigation bee is used in the search process of this algorithm to expand the new solution domain, and the bee and
the observation bee are used to refine the search in the known solution domain. The three share the information about
the food source in the honeycomb and use the fitness function pair. Table C's experimental findings demonstrate how
the ABC method is used to optimize the SVM parameters while also considering the local and global optimum solutions
in order to achieve greater classification accuracy. Table C shows that when the number of data sets and data dimension
rise, the running times of the four algorithms also increase. The ABC-SVM method takes longer to run than other
algorithms when there are more categories, but when there are fewer categories, regardless of the data dimension or
less, the ABC-SVM algorithm shows better convergence, which effectively shortens the run time of the search.
The following methods can be used to improve the relevant Artificial Bee Colony parameters:
I. Enter the SCADA data, Prior to importing the data into the algorithm, pre-process the original SCADA data by
selecting the characters and normalizing them.
2. Choose the test set and training set. When needed for the research, divide the imported data. In this study, 40% of
the imported data is utilized as the test set, while 60% of the data is chosen as the training set.
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3. Initialize the SSA parameters, the maximum number of iterations M, the upper and lower values of the independent
variables, dimension D, and the sample

it
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I1l. PROPOSED METHOD
A. The Enhanced Algorithm for Artificial Bee Colonies
By modeling the behavior of bees when gathering honey, the ABC algorithm determines the best way to solve the
problem. The algorithm categorizes the colony of bees into three groups: working bees, observers, and scout bees. The
hired bees are in charge of gathering food resources and communicating with other bees in the hive. Based on the data
supplied by the hired bees, the observer bees are in charge of gathering honey. The scout bees are in charge of at
random locating a new nectar source to replace the previous nectar source when the nectar source is abandoned. The
ABC algorithm is an iterative process, the same as other swarm intelligence algorithms. Three stages are repeatedly
carried out to identify the best solution to the issue after initializing the bee population and the location of the honey
supply. These are the stage of the employed bee, the stage of the spectator, and the stage of the scout. Each phase's
procedure is as follows:
Employed bees at the stage of employed bees use Equation (1) to locate new food sources:
Uij = axy+¢xy(axy-azy) (M
Where azy represents the neighborhood food source, z(1,2, 3, ...., N) and x#z, ¢xy is the random number between
(-1,1).
Based on information supplied by employed bees, onlooker bees decide which food sources to exploit using the
probability P Equation. (2). data for the SVM.
3. Identify the location of the bee. Determine the bee's location by calculation, and then, if the new position is
preferable, update the position.
Px =_fitn

Efitn

4. Do a fitness value calculation. The current fitness value of each bee, which is updated in real-time to reflect the
maximum fitness value, determines the SVM fault model's classification accuracy. The initial fitness value of a bee is
updated if the current fitness value is higher than the stored fitness value; otherwise, the original fitness value is left
untouched. As a result, the combination of parameters (C, g) that corresponds to the present optimal value is
preserved, and the saved fitness value is the optimal value.

The appropriate SVM parameter combination (C, g) based on the fitness value that is most advantageous.

Use the SVM approach to determine the ideal parameter combination (C, g).

7. Evaluate the terms of termination. Output the ideal parameter combination (C, g) and its associated classification
results if the termination requirements are met. Increase the iteration count by | and go back to 4™ step if the
conditions are not met. Onlooker bees employ greedy selection techniques to choose food sources with better
fitness function values. They use Equation (l) to discover new food sources to exploit.

ow

The scout bee phase is initiated if the food supply is not updated after many attempts. Using Equation. (3), the scout bee
searches at random for a new food source to replace the one that was abandoned during this phase.

axy=a™ + rand (0,1) a ™-aymi 3)
Because the ABC algorithm is susceptible to the local optimum formation and has a slow rate of convergence, the
GABC algorithm, which was inspired by the PSO algorithm, introduces the Gbest term to improve the ABC algorithm's
capacity for use. Using Equation (4), the GABC algorithm locates fresh food sources.

Uij = axy+ ¢xy(axy-azy) + Pxy(by- axy) 4

Whereby is the global optimal solution, ¥xy is a random number uniformly distributed between [0, C], and C is a
nonnegative constant. This study introduces the opposing solution in the employed bee stage to improve the algorithm's
capacity to explore, drawing inspiration from the concept of opposite learning. According to Equation (5), the opposite
solution is formed when the fitness value of the newly generated solution is lower than the fitness value of the existing
solution. At the stage of observer bees and employed bees, Equation (4) is utilized to hunt for new food sources in
conjunction with the GABC algorithm.

oaxy= a ™+aymi-axy (5)
y

B. The SVM optimized by the ABC algorithm
The radial basis function can handle nonlinear separable problems and has a large range of adaptability and fewer
parameters to be tuned. As a result, the kernel function in this study is the radial basis function, Equation (6).

Z(a,a) = expax—ay,c >0 (6)
As a result, when the SVM's parameters are optimized using the ABC approach, the penalty factor C and the kernel
function parameter o need to be optimized. The SVM classifier's classification accuracy and generalization capability are
greatly enhanced by the configuration of the kernel function parameter o and the penalty factor C.
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The penalty percentage the interval size and classification accuracy weight are both represented by the letter C. The
classification accuracy is poor and prone to underfitting as C gets closer to 0. The categorization accuracy steadily
improves as the value of C rises. Overfitting is a common problem that can also happen. The kernel function's width
parameter is represented by the parameter ¢. Underfitting is simple to happen when is large, while overfitting is simple to
happen when is tiny. In SVM classification, the kernel function parameter o and the penalty factor C are mutually
influencing. We first need to choose the proper kernel function parameter o, then transfer the classification data samples
to the high-dimensional feature space. Finally, we need to identify the proper penalty factor C in the feature space to
balance the SVM's learning and generalization capabilities. It is vital to use a suitable objective function as the optimization
goal when utilizing the ABC method to optimize parameters. Equation (7), where Vacc denotes classification accuracy, is
chosen as the fitness function since the SVM is employed in this paper's classification job.

VI. EXPERIMENTAL WORK BY PROPOSED ALGORITHM

A. Extraction of Feature for SCADA data

Nowadays, a SCADA system is the primary source of operating and maintenance data for most wind farms. To assess
how well the SSA-SVM diagnostic model performs when used with wind turbine fault data. As fault analysis data, this
study includes SCADA data from a wind farm in South Tamil Nadu that was monitored for 50 straight days with updates
every |10 minutes between June 18, 2022, and August 3, 2022.

By pre-processing these data by elimination, cleaning, and screening, six states of wind turbines, including generator
overheating, inverter cooling system fault, power failure, generator excitation fault, feeder fault, and normal condition,
were chosen. 180 SCADA characteristics were rated by relevance using PCA for the six states of wind turbines, and 63
feature amounts were retrieved.

B. Comparison of Diagnostic Model Performance

SVM, GA-SVM, and PSO-SVM diagnostic models for optimization of the fitness values were compared with ABC-SVM in
order to further highlight the model's performance. According to Equation (8), the classification accuracy may be
written as a binary function centered on (C, ). The SVM classifier is trained using the best parameter combination (C,
o) through the optimization of the ABC method, resulting in a trained model that performs better on test datasets.

Vacc=F (C, o) (8)
Fault Categories
Diagnostic Model | Evaluation Criteria
1 2 3 4 5 6

Precision 100% 100% 100% 87% | 76.90% | 100%
M Recall 70.00% | 85.00% | 100% 100% | 100% 100%
F1- Score 82.40% | 91.90% | 100% | 93.00% | 86.90% | 100%

Accuracy 92.50%
Precision 100% 100% 100% | 88.20%| 82.20% | 100%
GS-SVM Recall 78.30% | 86.70% | 100% 100% | 100% 100%
F1- Score 87.80% | 97.40% | 100% |97.50% | 90.20% | 100%

Accuracy 95.60%
Precision 100% 100% | 100.00% | 95% 82% 100%
ST Recall 78% 95.00% | 100% 100% | 100% 100%
F1- Score 87.80% | 97.40% | 100% |97.50%(90.20% | 100%

Accuracy 95.60%
Precision 100% 100% | 100.00% | 88% 100% 100%
ST Recall 100% | 86.70% | 100% 100% | 100% 100%
F1- Score 100.00% | 92.90% | 100% | 93.70%|100.00%| 100%

Accuracy 97.80%
Precision 100% 100% | 100.00%| 95% 100% 100%
ST Recall 100% | 95.00% | 100% 100% | 100% 100%
F1- Score 100.00% | 97.40% | 100% | 97.50%|100.00%| 100%

Accuracy 99.20%

Fig 4. Performance criteria for a Model Fault Diagnosis
Figure 4 demonstrates how, after a few rounds, the ABC- SVM diagnostic model may quickly determine the ideal value.
The GA-SVM diagnostic model attained the ideal value after 42 iterations, but the PSO-SVM diagnostic model did so
after |18 iterations. After improving the SVM parameters, the ABC method, followed by the PSO-SVM algorithm and the
GA-SVM algorithm, had the highest diagnostic error rate and the fastest optimization time. Because the initial SVM
lacked an intelligent optimization technique and failed to guarantee fitness, it is not depicted in the iteration number
versus fitness plot.
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Fig 5. Confusion Matrix for each model
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The confusion matrix for each model was created, as shown in Figure 5, to more accurately depict how well the SVM,
GS-SVM, GA-SVM, PSO-SVM, and ABC-SVM models can detect faults. The SYM model properly identified 333 out of
360 test samples, yielding a 92.7% accuracy rate. Nonetheless, the ABC-SVM model correctly identified 357 samples,
with a 99.1% accuracy rate.
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Fig 6. The considered Parameters Waveform respect to Time Stamp
This graphical representation shows the waveform obtained by Artificial Bee Colony algorithm for the various
parameters with respect to the Time Stamp which are chosen for this algorithm are shown in Figure 6. Performance
metrics, including precision, recall, Fl-score, and accuracy, were calculated to more clearly depict the diagnostic
performance of these models. A comparison of the findings is provided in Figure 4. ABC- SVM performs better than the
other four diagnostic models. The accuracy of the ABC-SVM model for fault identification was 99.2%, which is adequate
for the fault diagnostic job for wind turbines.
V. CONCLUSION

The global energy crisis has accelerated the growth of sustainable energy both locally and internationally. In recent years,

wind energy, a clean, renewable energy source, has emerged as a key player in the fight against energy pollution. Wind

power is becoming increasingly significant in power systems due to the slow expansion of wind energy resources.

Troubleshooting wind turbines has become a critical issue that needs quick answers since there are more and more

wind farms. SVM is a frequently employed technique for wind turbine defect diagnostics.

This research suggests an SSA-optimized SVM wind turbine failure diagnosis model to solve the issue that inappropriate

selection of the penalty factor C and kernel function parameter g may negatively influence the SVM classification results.

I. To build the ABC-SVM diagnostic model, the penalty factor C and kernel function parameter g are optimized using
the ABC approach. Both the algorithm's iteration speed and classification accuracy outperform those of GS-SVM,
GA-SVM, and PSO-SVM in the wind turbine defect diagnostic test. Ultimately, the test set's classification accuracy hits
99.20%.

2. Wind turbine failure diagnostics is possible with ABC- SVM. The model has a high practical value and numerous
application possibilities. It also has a high accuracy rate, strong optimization capabilities, a quick convergence rate, and
superb convergence performance.

3. Although ABC-classification SVM's accuracy is good in the conventional fault diagnosis of wind turbines, there are
some instances of sophisticated faults, such as those with long operation times and challenging fault attributes to
discern. Future studies will focus heavily on investigating additional techniques that perform better at extracting and
choosing defect characteristics in order to increase classification accuracy and processing speed.
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