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Abstract— Wind turbine operations and maintenance 

expenditures have always been a significant burden, with the 

majority of money spent on unforeseen unorganized failures, 

fixes, and downtime expenses. Commercial Internet of Things 

(IoTs) and artificial intelligence (AI) technological advances 

have achieved breakthroughs and are truly revolutionary 

innovations with the ability to monitor, forecast, and avoid 

catastrophic breakdowns. A Sensor-oriented IoT system (SOIS) 

will aid in the monitoring of critical characteristics of wind 

turbines that govern their operating circumstances, such as wind 

pace, motion, temperature, and power generated. For proactive 

maintenance of wind turbines, an integrated strategy using 

Machine Learning (ML) approaches for SOIS was applied. The 

system's diagnostic component receives sensor data and does 

predictive analytics in cloud environment. Five ML techniques 

are used, and the outcomes are summarized for prediction. The 

techniques' outputs are contrasted for the accuracy of the 

detected statistics, and it is discovered that the Optimized 

Artificial Neural Network performs better for proactive 

maintenance and predictive analytics of the power of wind 

turbines. 

 

Keywords: Artificial Intelligence, Machine learning, Wind 

turbine, Predictive Analytics, and Proactive maintenance. 

 

I. INTRODUCTION  
 

Technological systems are the foundation of numerous 
sectors and serve a significant part in everyday life in 
the modern continuously expanding technology world. 
Power networks, automobile structures, medical gadgets, 
commercial equipment, and other systems, among others, 
are crucial for facilitating important amenities and 
guaranteeing efficient operation [1]. In 2019, renewable 
energy power production expanded by 7.4 percent, with 
wind and solar power continuing to dominate capability 
development by twenty percent and ten percent, accordingly 
[2]. Nevertheless, as these systems are more complicated, 
they grow further vulnerable to faults and breakdowns. It is 
critical to identify and foresee these problems as soon as 
possible to preserve system dependability, 
minimize interruptions, and avoid possible dangers [3]. 

 
The Internet of Things (IoT) system is the combination 

of practical tangible items, detectors, machines, and 
networking to make automobile actions based on numerous 
usage circumstances [4]. The considerable operation of IoT 
results in a tremendous volume of information detected from 
diverse heterogeneous IoT systems and has led to an 
analysis of different IoT standard sets. The latest 
advancements in the Industrial IoT (IIoT) will pave the way 
for a positive future for commercial use [5]. The 
IIoT automates commercial usage procedures that were 
previously controlled and maintained manually. 

 
The difficulties encountered during the maintenance 

and operation of wind turbines with a lot of wind turbines 
dispersed and located in remote regions have made timely 
access extremely challenging and costly [6]. 
 

Artificial intelligence (AI) is now recognized as a 
potent instrument for addressing the issues connected with 
fault surveillance and predictive analytics in IoT systems 
[7]. AI uses complicated methods and statistical approaches 
to allow computers and systems to acquire knowledge, and 
logic, and arrive at smart judgments. By using the power of 
AI, it is feasible to analyze huge amounts of data created by 
IoT systems, find trends, abnormalities, and possible failure 
scores, and forecast imminent problems before they happen 
[8].Each industrial procedure necessitates machine 
assessment, operating observation, procedure evaluation, 
and operation optimization to arrive at a computer-generated 
conclusion. The system needs the incorporation of detectors 
to track the condition of the machinery, and machine 
learning (ML) techniques are utilized for making the 
IoT system a smart one [9]. 
 

This proactive maintenance method for fault 
identification and predictive analytics enables prompt 
actions, maintenance, and mitigating tactics, so improving 
the system's functionality, decreasing interruptions, and 
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assuring operational effectiveness [10].Predictive 
analytics is a proactive method that employs information 
analytics and ML techniques to predict machinery 
breakdowns or deterioration to solve these challenges [11]. 
In the setting of an IoT system, predictive 
analytics comprises reviewing information from sensors 
collected from systems to identify trends and abnormalities 
that may indicate prospective system faults [12]. To 
precisely foresee eventual breakdowns, ML techniques are 
deployed to this information to determine the association 
between detector measurements and maintenance 
occurrences [13]. Research practitioners may arrange 
proactive maintenance work by predicting maintenance 
needs, which lowers interruption and optimizes the 
utilization of IoT systems [14]. 
 

Systemic maintenance is defined as the continuous 
maintenance of systems. Forecasting Maintenance is 
additionally a component of proactive maintenance, as is 
system maintenance in the years to come. It comprises the 
costs spent as well as the strain of maintenance assets in 
both the current and future [15]. A Sensor-oriented IoT 
system (SOIS) aids in the monitoring of critical 
characteristics of wind turbines that govern their operating 
circumstances, such as wind pace, motion, temperature, and 
power generated. For the proactive maintenance of wind 
turbines, an integrated strategy using ML approaches for 
SOIS was applied.The next level of predictive analysis is 
proactive maintenance, in which issues are discovered 
before they happen. The research aims to prevent machinery 
breakdowns and minimize system interruptions so that can 
be performed in-out in systems to discover the defect in 
advance. As a result, we use a subclass of predictive 
analysis to do proactive maintenance in tiny wind turbines 
to minimize interruption. 
 

II. LITERATURE REVIEW 
 

Several investigations were conducted to evaluate the 
possibility and efficacy of predictive analytics in the IoT 
system [16]. The goal of this analysis of the literature is to 
provide an outline of the corpus of studies on this subject as 
well as emphasize important findings and advances. The 
findings of this study present an examination of proactive 
maintenance strategies utilized in IoT systems. It gives a 
comprehensive examination of the various proactive 
maintenance strategies utilized in IoT systems. It examines 
the application of ML methods to forecast breakdowns in 
equipment such as support vector machines (SVM), LR 
linear regression, and neural networks. The investigation 
additionally investigates the advantages and disadvantages 
of using predictive maintenance in IoT systems. 
 

Proactive maintenance constitutes the growing 
approach for ensuring live surveillance and helping sectors 
in improving wind turbine performance before any defects 
emerge during the generation of power. Obtaining dynamic 
information in previous forms of forecasts and prognoses 
has been a lengthy and costly operation [17]. 
 

A study [18] describes the way a big data analytics 
technique was used for wind turbine predictive 

analytics. The use of big data application systems enhances 
accessibility to historical information stored in the 
cloud. This contributes to the capacity to scale up 
computation and information handling for several wind 
turbines in a fault-resilient manner. 
 

The research [19] used an accelerometer for condition 
surveillance of wind turbines. The period vibration 
signatures of essential elements have been assessed. The 
vibration signatures of both good and problematic 
conditions were analyzed utilizing an ANN-artificial neural 
network classification approach, which achieved an 
accuracy of 92.6%. 
 

III. MATERIALS AND METHODS 
 

The detectors have been utilized for collecting statistics 
at regular times. By analyzing a record of statistics, 
monitoring surveillance may identify the current conditions 
of the turbine structures, problems may be identified or 
predicted, and a proactive maintenance method may be 
selected for recovering the machinery in its initial state 
from maintenance needed, and the parts keep going to carry 
out the operations for which they have been developed. To 
guarantee the wind turbine's dependability, just the most 
basic assets are utilized. The description model and 
proactive maintenance are shown in Fig.1. 
Monitoring surveillance is accomplished in two phases: data 
collecting utilizing detectors & feature extraction using the 
retrieval of variables that help determine the present 
condition of the monitoring machine. To identify or avoid 
the issue, current and historical data are integrated.If 
problems are expected, then predictive analytics with 3 sub 
procedures enters the frame. The sub-procedures have been 
organized, projected, and proactive maintenance. 
 

 
Figure 1. The description model and proactive maintenance 

 

A. IoT System Design 

 
As an initial phase, the suggested IoT system's 

architecture involves the procedure of collecting information 
from detectors for monitoring humidity, vibration, and 
velocity. The microcontroller collects information from a 
variety of detectors placed on the wind turbines. Wireless 
technology is used to gather statistics and wireless protocols 
such as WiFi and global structure for mobile interaction 
(GSM-based) board assistance must be present for 
computing. 
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The collected data were processed with the assistance 
of a cloud-based design. The information would be sent to 
the cloud server via the WiFi component of the attached kit. 
For connecting a cloud-based server and the consumer, an 
interoperable standard for distributing information 
functions of the IoT protocol stack is employed. This 
protocol operates in a publisher-subscriber manner. This 
standard is used since it encourages broker-less design in 
IoT systems, which was created for one machine-to-
other interaction and embraced as a recognized standard for 
IoT gadgets and cloud interfaces by the object 
administration organization. Furthermore, the distributing 
information functions standard makes utilization of the 
multicasting idea to improve the quality of assistance for 
cloud-oriented uses. 
 

The information collected from the cloud-based system 
is analyzed using ML techniques such as LR, XG-
BOOST, OANN-Optimized Artificial Neural Network, and 
SVM to achieve the goal of defect prediction in wind 
turbines. The cloud collection of information is analyzed for 
problem diagnosis, which involves the characteristic 
evaluation of speed and the condition of power production 
of wind turbines. The aforementioned techniques are used, 
and the outcomes are contrasted. 

 
The prognosis of the fault has been performed using 

ML methods, and the outcomes are fault predictions 
depending on previous instances of information acquired 
regularly. The information collected from detectors allows 
for real-time surveillance of the state of the wind turbines, 
which aids in fault diagnostics. The ML specialists can 
analyze the information for indications of malfunction or 

upcoming breakdowns and submit them to the professionals 
for corrective measures on the identified flaws. 
B. Implementation and Assessment 

 
The platform design was constructed as a research 

configuration using the microcontroller, GSM barrier, Wi-Fi 
interaction accessibility barrier, and detectors for detecting 
the characteristics connected to the wind turbine platform. 
The Arduino gets functions as a microcontroller, and the 
program needed to access the connection can be put in it. 
GSM represents a prominent and frequently 
utilized electronic wireless platform for carrying cellular 
audio and information activities. GSM is utilized in 
conjunction with Wi-Fi, which is a method of wireless local 
area network with equipment that adheres to the protocol. 
 

The microprocessor communicates with detectors to 
detect the present ambient characteristics of tiny 
wind turbines. 
 

The working version has a scale measurement 
proportion of 1:5, which means that a typical tiny wind 
turbine will possess a structure with a height of 10ft, a blade 
width of 2m, a diameter of 5m, and a power rating of 2KW. 
 

This model design has been implemented with 
numerous detectors, as described in Table I, and the 
characteristics specified above have been detected 
utilizing them. 
 

As an authorized consumer, information obtained from 
the detectors is transmitted to the cloud area and may thus 
be seen using the online console for real-time tracking and 
also for predictive analytics purposes.

 
TABLE I.  DETECTOR INFORMATION AND RANGE 

 

 
Table II lists the variables extracted from the early 

version collection of information. 
 

TABLE II.  PROTOTYPE VARIABLES 

Variables Range Units 

Outcome voltage 10-14 Watts 

Wind speed 15-170 m/s 

 
Two sets of information are considered for 

predictive analytics, which in turn provides wind turbine 
proactive maintenance. 

 

One set of information has been gathered from an 
established model, and another set is obtained from tiny 
wind turbines [20]. ML techniques have been employed on 
such databases to estimate power, which aids in proactive 
maintenance. The resulting dataset is used with the 
ML techniques described to analyze realistic and real-time 
information. As the range of data points accessible for 
learning rises, the accuracy of the methods improves 
adaptively. Table III shows a portion of the collected 
statistics.

TABLE III.  DATA COLLECTION 

Year Month Day Hours Temperature Wind Speed Power 

2018 Jan 1 

1 6.5 9.8 313.3 

2 6.9 10.5 381.5 

3 7.4 11.1 445.5 

4 8.1 10.9 424.4 

5 8.7 11.15 450.3 

6 9.3 11.4 492.8 

7 10 11.1 445.5 

8 10.4 9.7 302.9 

 

Variables Detectors Size Calibration Accuracy (%) 

Temperature Thermostat 1-100k 50-200℃ ± 0.5 at 0℃  

Wind speed Anemometer 4-110 mph 2.5 -15 m/s ± 1 m/s 

Vibration Accelerometer 0.01-0.71 s ±5, 10, and 50g ± 10 

RPM Tachometer 1-9999 rpm 2.5-99,999 rpm ±0.02+1d 
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C. Data Collection 

 
Table IV lists the variables that were extracted from the 

collection of information. 
 

We select the method depending on their cardinality 
and contrast their performance utilizing real-time 
information collection. OANN, LR, and SVM are the 
methods that were considered. 
 

The most important variable from the data 
collection was retrieved for comparison with the method 
described previously. The variables from the collected 
information set are applied, and the outcome of the 
prediction produced is presented below in the result and 
discussion. 
 

TABLE IV.  DATA COLLECTION 

Variables Range Units 

Outcome voltage 10-950 Watts 

Wind speed 5-21 m/s 

 
IV. RESULT AND DISCUSSION 

 
LR is an appealing approach since its depiction is so 

straightforward; we receive wind speed as data and 
predicted wind power as an outcome. Fig 2 depicts the 
framework for the simple regression issue. 
 

 
Figure 2. Visualization of the linear model 

 
SVM is a supervised machine learning technique that 

may be utilized for tasks such as regression and 
classification. It is nevertheless largely employed in 
categorization difficulties. In this approach, every statistic is 
plotted as a location in a 2-D area, with the measurement of 
every characteristic representing the result of a certain 
position. Following this, as illustrated in Fig 3, we 
accomplish classification by locating the hyper-plane that 
best separates the 2 categories. 
 

 
Figure 3. SVM classification 

Supporting vectors have been merely the location of 
specific observations, and the hyper-plane is split by wind 
power & speed, as illustrated in Fig 4. 
 

 
Figure 4. SVM visualization 

 
The exploration, evaluation, and sharing of relevant 

trends in statistics are referred to as analytics. A fault-
tolerant system refers to an aspect that allows a structure to 
keep running normally in an instance where one or multiple 
of its parts collapse. Fault-tolerant is especially desirable in 
extremely reliable or life-critical systems, leading to 
prediction. We spread the findings of our investigation 
utilizing ML methods as indicated in Table V and Fig 5. For 
picking the optimum method, the accuracy is determined 
from the table beneath and may be adjusted for prognosis. 
 

TABLE V ACCURACY AND MEAN COMPARISONS 

Models Mean Absolute 

Error 

Mean Squared 

Error 

Accuracy 

(%) 

LR 7578 99305574 75 

SVM 2653 15631740 66 

ANN 13.3 - 98 

XGB 0.53 32.5 88 

 

 
Figure 5. Prediction graph of accuracy comparison 

 
Based on the execution and evaluation, we can 

conclude that ANN is the most effective technique for fault-
tolerant in the present case.In the data collection, we use ten 
points as the scale score and gradually increase the testing 
and training levels to enhance performance. As a result, the 
graph's result was additionally contrasted with prediction 
scores, which discovered an unambiguous proof of fault-
tolerant in tiny wind turbines for the supplied data 
collection. The chosen technique's prediction graph is 
evaluated. 
 

The prediction graph outcomes demonstrated that 
predictive analytics can be conveniently performed by 
observing the graph. Faults can be diagnosed in real-time, 
reducing the complication of turbine major failures. When 
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we utilize the ANN method, system efficiency appears to be 
consistent and precise. The system has effectively resolved 
certain drawbacks of prior systems by decreasing energy 
usage, proactive maintenance, and complication while 
additionally offering an adaptable and exact form of 
safeguarding the tiny wind turbulence surveillance. 
 

V. CONCLUSION AND FUTURE SCOPE 
 

This study analyzed and emphasized the frequently 
occurring functional problems in wind turbines and their 
subsystems. The IoTs and AI have been considered 
innovations that may be used for tracking wind turbines to 
analyze statistics and their combination for predictive 
analytics to build plans and tactics. The main aspects 
concerning the various AI algorithms and approaches used 
to get information from wind turbine status surveillance 
systems have been investigated. A small number of 
commonly employed commercial IoT solutions for 
predictive analytics uses have been included.The SBIS, 
which can be used by wind energy facilities, is used in this 
suggested approach to undertake proactive maintenance 
along with continuous surveillance of the critical 
characteristics of wind turbines. The outcomes of SBIS 
using an optimized variant of ANN techniques have been 
documented as ninety- eight percent prediction accuracy. 
This would aid in an accurate power forecast, and the 
outcomes are graphed. An examination of ML techniques 
for predictive analytics was undertaken, and the conclusion 
was that the XG-Boost system and OANNs provided 
prediction accuracy of greater than ninety percent; with 
OANN providing superior outcomes.In the future, the 
system might be constructed to track a wider range of 
characteristics of the tiny wind turbine using better 
calibration detectors and IoT systems. Furthermore, in the 
years to come, the system may be intended to track the tiny 
wind turbine beneath multiple circumstances using the most 
recent detectors and IoT systems, and additional 
enhancements to this system may be implemented to be 
more affordable with higher-quality detectors, making the 
wind turbines additional efficient and affordable. 
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