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1. INTRODUCTION 

Predictive maintenance (PdM) is a proactive maintenance 
strategy that utilizes real-time monitoring, historical data, and 
predictive analytics to assess the condition of equipment and 
anticipate potential failures before they occur. Unlike reactive 
maintenance, which addresses issues after failure, or preventive 
maintenance, which follows scheduled inspections, PdM relies 
on data-driven insights to optimize maintenance timing, reduce 
downtime, and extend equipment lifespan.  

Electrical motors are fundamental components in industrial 
systems, powering critical applications such as pumps, 
conveyors, and generators. Unexpected motor failures can lead 
to costly downtimes, production delays, and increased 
maintenance expenses. Traditional maintenance approaches, 
including reactive (repairing after failure) and periodic 
scheduled maintenance, often fail to address faults proactively, 
resulting in inefficiencies and operational risks [1][2]. Figure 1 

illustrates various maintenance approaches in the general 
maintenance methods. Reactive maintenance is a method that 
repairs the motor when it breaks, while periodic maintenance 
refers to activities performed on the motor based on a set time 
interval. For proactive maintenance, it is a maintenance strategy 
that corrects the root causes of underlying motor conditions. 
Predictive maintenance is the best of all the maintenance 
solutions since it may enhance the manufacturing process of the 
motor while lowering expenses. On the other hand, predictive 
maintenance (PdM) is an important strategy for motor 
maintenance. This is due to electric motors having a significant 
influence on almost every aspect of modern living. 
Automobiles, engines, and machines in the factory all use 
electrical motors to convert electrical energy into mechanical 
energy which can be used. In addition, electrical motors are also 
used in a vast number of industrial activities [3]. Therefore, 
PdM is deserving of concern to prevent any disruptions. 

Electrical motor failures can lead to unexpected downtime, increased maintenance costs, 
and reduced operational efficiency in industrial applications. Traditional maintenance 
strategies, such as reactive and scheduled maintenance, often fail to prevent unexpected 
failures efficiently. This study presents a Smart Maintenance System (SMAT) designed to 
optimize motor maintenance through predictive techniques. Utilizing mechanical vibration, 
electrical current, and motor body temperature sensors, the system continuously monitors 
motor conditions in applications such as pumps and generators, enabling early fault 
detection and reducing operational disruptions. Sensor data is transmitted via Raspberry Pi 
using the TCP/IP protocol and stored on a programmable interface controller. MATLAB is 
employed for data preprocessing, modeling, and prediction. A comparative analysis of K-
Nearest Neighbour (KNN) and Artificial Neural Network (ANN) algorithms shows 
classification accuracies between 92.6% and 95.8% for normal and failure conditions. 
Future enhancements will focus on real-time data collection and improved predictive 
capabilities. 
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The majority of industrial manufacturing processes and 
equipment depend on electrical motors. Therefore, these 
machines deserve consideration in order to improve the 
efficiency of the manufacturing process [4]. However, most of 
the electrical testing is performed as an off-line test, this state 
that component is required to be out of service to perform the 
testing. Yet, because of the hectic working schedules, many 
mission-critical industries may not be available for scheduled 
maintenance of their equipment. When any fault identified with 
off-line testing is being detected with the equipment out of 
service, the equipment's availability will become a concern [5]. 
Due to technological and logistical limitations, maintenance 
cannot always be performed everywhere. Machine failures 
during production can lead to adverse effects on the production 
schedule, delivery delays, or employee overtime to compensate 
for the loss. As such, the predictability of a component failure 
during off-line testing is only as good as the extrapolated 
estimate [6]. 

Predictive maintenance faces challenges such as ensuring 
data quality, integrating models with existing systems, and 
managing high implementation costs. Real-time processing of 
large datasets and maintaining model accuracy over time are 
also significant hurdles, especially with diverse machinery and 
unpredictable equipment behavior[7]. Addressing these issues 
requires robust strategies to enhance its adoption and 
effectiveness[8][9]. 

This paper aims to develop a smart maintenance system 
(SMAT) for effectively detecting abnormalities in electrical 
motors, along with a robust data acquisition system using an 
open-source programming tool. The performance of the K-
Nearest Neighbour (KNN) and Artificial Neural Network 
(ANN) algorithms in a predictive preventive maintenance 
system will be compared. By achieving these objectives, this 
research contributes to advancing predictive maintenance 
techniques for motors, improving reliability, and extending 
operational lifespan. The findings will enhance motor health 
monitoring, enabling proactive maintenance interventions and 
reducing unexpected failures. This study contributes to 
optimize motor performance in industrial applications. 

 

2. PREDICTIVE MAINTENANCE WITH DATA DRIVEN 
APPROACH IN INDUSTRIAL ELECTRICAL MOTOR 
First, confirm that you have the correct template for your 

paper size. This template has been tailored for output on the A4 
paper size. If you are using US letter-sized paper, please close 

this file and download the Microsoft Word, Letter file Data-
driven methods play a crucial role in failure identification and 
predictive maintenance, utilizing data analysis and statistical 
techniques, including machine learning algorithms. These 
methods leverage the power of training to create predictive 
models based on extensive historical data[5,6]. By analyzing 
patterns and relationships within the data, these models can 
provide valuable insights into the likelihood of device failures 
and their anticipated lifespan. The process begins with training 
the model using a vast amount of historical data, allowing it to 
learn patterns and correlations that indicate potential failure 
events. Once trained, the model is tested and verified using 
additional data to evaluate its predictive capabilities. This 
testing phase helps assess the model's accuracy and reliability 
in making predictions about future failures. 

Samhouri et al. [10] presented an Adaptive Neuro-Fuzzy 
Inference System (ANFIS) and a Neural Network system (NN) 
to analyze and predict errors. By employing a signal connected 
to motor status and failure type, they utilized specific signal 
properties as inputs to the ANFIS and neural nets, yielding 
anticipated failure type results. Another approach proposed by 
Giantomassi et al. [11] involved a Kernel Density Estimation 
(KDE) and Kullback-Leibler divergence-based technique for 
electrical motor forecasting. They used Kullback-Leibler 
divergence as an indicator to measure the dissimilarity between 
two probability distributions, while KDE was employed to 
assess the probability density functions of both healthy and 
malfunctioning motors. In a study by Jawadekar et al. [12], the 
wavelet transform was utilized to analyze motor line currents, 
and a feedforward Artificial Neural Network (ANN) was 
employed to characterize faults. They relied on extracted flaw 
aspects using the Continuous Wavelet Transform (CWT) from 
the line current signals. Furthermore, a signal-processing 
condition was applied to distinguish between normal and fault 
situations, enabling the feedforward ANN to classify various 
defects in an induction motor. Yang et al. [13] proposed the 
Shock Pulse Method (SPM) for electrical motor condition 
monitoring. This method involved analyzing real-time 
frequency spectrum and vibration data to identify faulty motors. 
In the time-domain analysis, statistical metrics such as root 
mean square, kurtosis, skewness, and crest factor were 
considered, while the frequency spectrum provided by the SPM 
equipment pinpointed the defective motors. Biswal et al. [14] 
constructed a bench test equipment to simulate a wind turbine's 
working state for motor condition testing. They collected 
vibration data under both normal and damaged conditions by 
replacing a normal component with a damaged one. The 
researchers used ANN predictions to differentiate between 
features of a normal condition and those of a faulty one, 
achieving a categorization accuracy of 92.6 percent in their 
study. 

In more recent projects, researchers have shown a 
propensity towards the utilization of genetic algorithms. For 
instance, Chen et al. [15] introduced a rolling bearing defect 
diagnostic technique by combining resonance-based sparse 
signal decomposition (RSSD) and wavelet transform (WT). 
Similarly, He et al. [16] proposed an unsupervised failure 
diagnostic technique based on a deep belief network (DBN) for 
gear transmission chain failure. Notably, these projects 
incorporate genetic algorithms to enhance failure identification 
alongside data pre-processing or parameter tuning of the 
training algorithm. Another notable approach is presented by 
Gou et al. [17] who suggested a data-driven fault diagnosis 

Fig. 1. Type of maintenance 
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approach using a genetic algorithm (GA) in conjunction with a 
support vector machine (SVM). The GA is employed to 
optimize the parameters of the SVM, resulting in the best 
classification model. Similarly, Kiangala et al. [18] 
implemented advanced programming features of a Siemens S7-
1200 programmable logic controller (PLC) to control a bottling 
plant. Real-time evaluation of vibration speed data from a 
sensor attached to the conveyor motor enables the automatic 
identification of early motor risks based on ISO 2372 vibration 
severity criteria.In the realm of real-time monitoring, Syafrudin 
et al. [19] proposed a method that combines sensors from the 
Internet of Things (IoT), big data processing, and a hybrid 
prediction model. By incorporating noise-based outlier 
identification and random forest classification, this hybrid 
model offers improved accuracy in identifying faulty motors. 
Similarly, Rosli et al. [20] developed an Artificial Neural 
Network (ANN) model for predictive maintenance of Air 
Booster Compressor (ABC) motor failure. They emphasized 
the importance of optimizing the ANN's weights and employed 
a Feedforward Neural Network (FNN) to handle complex 
parameters in nonlinear modeling. Lastly, Manfre [21] 
advocates for the use of Data-Driven Modeling (DDM) in 
predictive maintenance, which allows for the application of 
different specific models to each reported class. The technology 
employed in this approach, including accelerometers and 
machine learning models, enables the detection of anomalies by 
sensing vibrations on an electrical motor's spinning shaft. 

In summary, the field of predictive maintenance has 
witnessed significant advancements through the integration of 
data-driven methods and machine learning techniques. 
Researchers have explored various approaches, ranging from 
statistical algorithms like KNN and ANN to genetic algorithms, 
kernel density estimation, wavelet transform, and deep belief 
networks. These techniques enable the analysis of sensor data 
and the prediction of failures in different motor systems. 
Furthermore, the combination of IoT sensors, big data 
processing, and hybrid prediction models has shown promise in 
real-time monitoring and fault detection. The optimization of 
model parameters, such as weights in neural networks, plays a 
crucial role in achieving accurate predictions. Overall, these 
research efforts contribute to the development of robust 
predictive maintenance systems, enabling early detection of 
motor faults, efficient maintenance planning, and improved 
operational reliability. With further exploration and refinement 
of these approaches, the field of predictive maintenance is 
poised to make significant strides in enhancing equipment 
performance, reducing downtime, and optimizing maintenance 
strategies for various industries. 

 

3. METHODOLOGY 
3.1 Maintaining the Integrity of the Specifications 

In this work, we focus on three key inputs for our predictive 
maintenance system: motor vibration sensing, motor current 
sensing, and motor temperature sensing. These inputs serve as 
crucial indicators for monitoring the performance of the 
electrical motors , generators etc. [22]. While there are other 
measurements, such as motor torque, speed and particle in 
motor oil can be considered, we have intentionally limited our 
scope to these only fundamental elements of industrial 
electrical motor sensing. Our objective is to validate the 
effectiveness of the predictive system using these primary 

sensor inputs before exploring potential enhancements in future 
iterations. By concentrating on these core parameters, we aim 
to provide a clear and focused evaluation of the predictive 
maintenance system's capabilities. 

The selection of the main controller is using a Raspberry Pi 
single-board computer. The Raspberry Pi platform offers high 
computational power, adaptability, and a wide availability of 
Python function libraries. These features provide a solid 
foundation for developing complex applications and 
implementing advanced functionalities. Secondly, the 
Raspberry Pi is known for its low power consumption and cost-
effectiveness. These characteristics make it an attractive choice 
for building devices that are not only energy-efficient but also 
affordable, resulting in low-cost and long-lasting nodes[23]. 
Considering these factors, the Raspberry Pi emerges as the ideal 
platform for the construction of the system prototype in this 
paper. 

There are many different sensors available in the market, 
each with its own advantages and limitations. Therefore, we 
have taken special care to choose sensors that are well-suited 
for our specific application. We consider factors such as how 
selective the sensor is, the range it can measure, how sensitive 
it is, and how reliable and durable it is. These characteristics are 
important because they affect the accuracy and quality of the 
data we will use for our analysis. By carefully selecting the right 
sensors, we can ensure that we have reliable and accurate 
information to perform a thorough analysis. Mechanical 
vibration measurement is based on the GY-6500                  
(InvenSense, USA) sensor with configurable measurement. 
This sensor features a low-power, low-cost 6-axis Motion 
Tracking chip (MPU6500) at its core, combining a 3-axis 
gyroscope, 3-axis accelerometer, and Digital Motion Processor 
(DMP) in a compact 4mm x 4mm board. The sensor was chosen 
for vibration measurement due to its high sensitivity, three-axis 
motion tracking, and ability to detect early mechanical 
imbalances or misalignments. On the other hand, to measure 
current stability and variations in relation to the electrical motor 
load, an INA219 (Texas Instrument, USA) current sensor is 
utilized. This sensor operates by measuring voltage across a 
precision amplifier and a 0.1-ohm shunt resistor with 1% 
precision. It has a measurement range of +-3.2 A and a 
resolution of 0.1mA. The sensor is highly precise, compatible 
with microcontrollers, and communicates data via the I2C 
protocol. It can be conveniently powered by the Raspberry Pi 4 
Model B without requiring an additional voltage source. To 
measure the motor temperatures, the MLX90614 (Melexis, 
Belgium) infrared temperature sensor is employed based on 
non-contact temperature sensing. This sensor incorporates a 17-
bit analogue to digital converter and a powerful digital signal 
processor for temperature detection. It is capable of monitoring 
both ambient and object temperatures from a distance. The 
sensor has a temperature range of -40 to 85°C for ambient 
temperatures and -70 to 382.2°C for object temperatures, with 
data communication facilitated through the I2C protocol. 

We employ a small motor as a representative model, 
chosen to emulate the behavior of larger motors commonly used 
in industrial applications. While the selected motor is of smaller 
size, its specifications closely resemble those of larger 
counterparts, allowing us to investigate and analyze key 
performance aspects in a controlled and manageable manner. 
The AC induction motor (GH 30, Malaysia) used in our 
research operates with a 240V AC input and has a power rating 
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of 200W with maximum speed of 1400 RPM, making it suitable 
for examining various predictive maintenance techniques. By 
studying this scaled-down motor, we aim to gain valuable 
insights and develop practical strategies that can be applied to 

larger motors found in real-world industrial settings. Figure 2 
shows the proposed system. 

3.2 Data and Signal Processing 
Data selection step plays a crucial role in handling and 

analysing data to enhance understanding and interpretation. In 
this project, we gather diverse data from sensors, which are then 
translated into easily understandable forms and stored in a 
database. This data will be utilized in creating future machine 
learning models. Data is collected every minute over the course 
of an hour for both normal and abnormal conditions. We have 
obtained 8 sets of data, with each set comprising 60 sample data 
points. In total, 480 sample data points were used for training 
the model, while an additional 80 sample data points were 
collected for testing purposes. The different conditions for each 
dataset are summarized in Table 1. 

To simulate abnormal motor conditions, we introduce 
stress in the form of an additional load, specifically a braking 
system, intermittently applied to the motor shaft throughout the 
experimental duration. This deliberate application of stress 
leads to observable changes in both current and temperature 
readings, providing valuable insights into the dynamic behavior 
of the motor under stress conditions. Furthermore, to capture 
abnormal vibration data, an external vibrator system is 
incorporated into the experimental setup. This system is 
strategically employed to induce motor failure conditions, 
generating vibration patterns that can be analyzed. The resulting 
data from both the stress-induced changes and abnormal 
vibrations contribute significantly to the comprehensive dataset 
required for a thorough analysis. The primary objective of 
employing this approach is to gather pertinent information for 
the development of a robust predictive maintenance system.  

To simulate motor failure conditions for data collection, we 
carefully replicate real-world scenarios using controlled setups. 
For vibration failures, we use a shaker operating at frequencies 
up to 10 kHz, placed near the motor shaft bearing, to replicate 
the characteristic vibrations caused by bearing faults. The data 
is captured using a high-precision vibration sensor mounted on 
the motor housing. For load instability failures, a custom 

braking system is employed to impose varying loads on the 
motor, causing current spikes that simulate unstable operating 
conditions. These current fluctuations are monitored and 
recorded using a current sensor integrated into the motor's 

electrical circuit. To simulate temperature-related failures, heat 
is applied near the motor body using a controlled heating 
element. A temperature sensor affixed to the motor casing 
measures the resulting temperature rise, mimicking thermal 
stress conditions often experienced during motor operation. The 
data collected from these simulations vibration, current, and 
temperature is stored chronologically and used to train and 
validate the predictive maintenance algorithms. This 
comprehensive approach ensures the system can accurately 
identify and predict potential motor failures across various 
failure modes. By carefully simulating and studying motor 
failures under the controlled conditions, we aim to enhance our 
understanding of the potential failure modes, for the creation of 
an effective and reliable predictive maintenance strategy. 

Table 1. Electrical Motor Conditions Data 

Data set Conditions 
Vibration Temperature Current 

1    
2    
3    
4    
5    
6    
7    
8    

* = Normal condition 
 = Abnormal condition 

3.3 SMAT Predection Model 
The prediction models in this report utilize historical 

labeled data, which contains information about past equipment 
failures, for the purpose of training and testing [24]. ]In cases 
where both input and output variables are available, supervised 
learning algorithms are employed using the training dataset. 
These algorithms enable the learning of a mapping function 
from the input variables to the output variables.  The aim is to 
approximate this mapping function with new input data in order 

Fig. 2. SMAT System Architecture 
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to predict the corresponding output variables. sensor inputs 
before exploring potential enhancements in future iterations. By 
concentrating on these core parameters, we aim to provide a 
clear and focused evaluation of the predictive maintenance 
system's capabilities. 

We utilized the K-Nearest Neighbour (KNN) and Artificial 
Neural Network (ANN) classification methods, with a training 
and testing ratio of 90:10. The models with the highest accuracy 
and shortest training time were selected. For KNN, the distance 
and k variable were adjusted, with two different distances used. 
The number of neighbours was limited to ten. The ANN 
employed a feed-forward architecture with three inputs and one 
output, using the sigmoid function as the activation function. 
Parameters such as the number of neurons, learning rate, 
momentum, and epoch were optimized. A comparison was 
made between the KNN and ANN models to determine their 
suitability for the research to be optimized is changed while the 
other two parameters remain constant. Other machine learning 
models, such as Support Vector Machines (SVM) and Decision 
Trees, were not considered in this study due to specific 
limitations in handling the dataset and application 
requirements. SVM, while effective for high-dimensional data, 
can be computationally expensive and less efficient when 
dealing with real-time predictive maintenance, where quick 
decision-making is essential. Decision Trees, on the other hand, 
tend to overfit small datasets and may not generalize well 
without extensive pruning or ensemble methods like Random 
Forest. KNN was chosen due to its simplicity, effectiveness in 
small datasets, and ability to classify motor conditions based on 
similarity metrics without requiring complex training. ANN, on 
the other hand, was selected for its strong capability in 
recognizing patterns in nonlinear datasets and providing high 
accuracy in predictive tasks. Both models were compared to 
assess their classification performance to determine which 
model is suitable for this application. 

3.4 SMAT Prediction Model by K-Nearest Neighbour (KNN) 
Model 
The K-Nearest Neighbour (KNN) method is a supervised 

machine learning (ML) technique commonly used for solving 
classification problems [25]. It is a straightforward and widely 
used approach due to its simplicity and computational 
efficiency. In the case of classification and regression problems, 
the KNN algorithm selects the k nearest datasets from the 
training dataset based on their proximity to the test dataset. The 
output of the algorithm depends on whether KNN is employed 
for classification or regression [26]. To make predictions, the 
KNN algorithm identifies the k nearest samples to a given test 
sample and assigns the test sample to the majority class among 
those k samples. Calculating the distance or similarity between 
all training samples and each test sample is necessary to 
determine the k nearest neighbors.  

For the Equation for Euclidean Distance, the primary step 
in KNN is calculating the distance between the data points. For 
two data points as shows in below equations 

 
𝑥𝑥 = (𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑛𝑛)                                 (1) 

𝑦𝑦 = (𝑦𝑦1,𝑦𝑦2, … ,𝑦𝑦𝑛𝑛)                                 (2) 
 
The Euclidean distance 𝑑𝑑(𝑥𝑥,𝑦𝑦) is given by the following 
equation 

 
𝑑𝑑(𝑥𝑥,𝑦𝑦) =  �∑ (𝑥𝑥𝑖𝑖𝑛𝑛

𝑖𝑖=1 − 𝑦𝑦𝑖𝑖)2                          (3) 
 

Where, xi and yi are the feature values of the data points x 
and y, respectively, n is the number of features                                       
(sensor measurements like vibration, current, and temperature). 

For the KNN Classification, once the distances are 
computed, the next step is to find the ‘k’ nearest neighbors and 
classify the new data point based on the majority vote of its 
neighbors. The class label C of the new data point x is 
determined as 

𝐶𝐶(𝑥𝑥) = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑦𝑦𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉({𝐶𝐶(𝑥𝑥1),𝐶𝐶(𝑥𝑥2), … ,𝐶𝐶(𝑥𝑥𝑘𝑘)})       (4) 

Where, C(x1),C(x2),…,C(xk) are the class labels of the k nearest 
neighbors. 

The KNN method is a popular choice for classification 
tasks, offering simplicity and efficiency in predicting outcomes 
based on the proximity of data points. The classification learner 
app of MATLAB was used in the work, to determine the best 
model for the electrical motor failure prediction condition using 
the datasets conditions presented in Table 1. The medium KNN 
and cubic KNN was implemented and the differences on its 
performance classification accuracy is compared. 

3.5 SMAT Prediction Model by Artificial Neural Network 
(ANN) Model 
The Artificial Neural Network (ANN) is a mathematical 

model inspired by biological neural networks. It consists of an 
input layer, hidden layers, and an output layer. The connections 
between nodes in an ANN are nonlinear and established through 
weighting functions [27]. Each neuron in the ANN is connected 
to the weights of the subsequent layer. The hidden layer serves as 
a universal approximator, utilizing a non-linear activation 
function. Neurons apply transfer functions to their inputs, which 
are the weighted sums of their inputs. For the Equation for the 
Output of a Single Neuron; 
 
Let x = (x1, x2,…,x ) represent the input to a neuron, and w = 
(w1,w2,...,wn) represent the weights associated with the inputs. 
The output y of the neuron is computed as 
 

𝑦𝑦 = 𝑓𝑓(∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖𝑛𝑛
𝑖𝑖=1 + 𝑏𝑏)                           (5) 

Where, b is the bias term, f is the activation function (commonly 
the sigmoid function  𝑓𝑓(𝑧𝑧) = 1

1+𝑒𝑒−𝑧𝑧
 , or the ReLU function f(z) 

= max (0,z)).  

For the ANN Model Training; 

The training process involves adjusting the weights using 
backpropagation to minimize the error between the predicted 
and actual motor condition. The error function used in this study 
is the Mean Squared Error (MSE), which is defined as 

𝑀𝑀𝑀𝑀𝑀𝑀 =  1
𝑚𝑚

 ∑ �𝑦𝑦𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖 −  𝑦𝑦𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑖𝑖 �2𝑛𝑛𝑛𝑛
𝑖𝑖=1                   (6) 
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Where, m is the number of training samples, ypred is the 
predicted output for sample i, ytrue is the true output for sample 
i. The backpropagation algorithm updates the weights and 
biases to minimize this error using gradient descent as 

𝑤𝑤𝑖𝑖  ←  𝑤𝑤𝑖𝑖 −  𝜂𝜂 ∂M𝑆𝑆𝑆𝑆
∂𝑤𝑤𝑖𝑖

                                          (7) 

where, η is the learning rate. By concentrating on these core 
parameters, we aim to provide a clear and focused evaluation of 
the predictive maintenance system's capabilities. 

The Artificial Neural Network (ANN) model was 
implemented using MATLAB/Neural Network Toolbox to 
predict motor failures. The ANN model was trained and tested 
using the datasets conditions presented in Table 1. The datasets 
were divided into training (90% of the total data) and testing 
(10% of the total data) sets. Two different algorithms, namely 
the Scaled Conjugate Gradient and Levenberg-Marquardt 
algorithm, were used to train one neural network. Their 
performance was compared, and ten hidden layers were 
employed. 

3.6 Data Collection and Model Training 

Sensor placement is crucial in predictive maintenance 
applications. Proper placement ensures accurate data collection, 
enabling early fault detection and proactive maintenance. 
Sensors strategically positioned minimize interference and 
capture subtle changes, preventing major breakdowns and 
reducing costs [28]. Continuous monitoring with well-placed 
sensors supports condition-based maintenance, optimizing 
resource utilization. Accurate data informs decision-making for 
effective asset management and future maintenance 
predictions. Sensor placement plays a vital role in accurate data 
collection, early fault detection, and optimizing maintenance 
activities in predictive maintenance applications [29].  

The best placement for a mechanical vibration sensor in 
electrical motor monitoring for predictive maintenance is 
typically on the motor housing or the motor bearing or near the 
motor shaft [30]. These locations enable effective measurement 
of vibrations, providing valuable insights into the motor's 
condition and potential issues. Monitoring the motor housing 
captures overall vibration behavior, while placing the sensor 
near the bearing or the shaft allows for specific monitoring of 
shaft vibrations, offering insights into rotational dynamics and 
potential problems [30]. 

For the current sensor is typically near the power supply 
input or within the motor control circuitry. These positions 
allow for direct measurement of current flow, providing 
valuable insights into motor operating conditions and detecting 
abnormalities or inefficiencies. Monitoring the overall current 
consumption at the power supply input and integrating the 
sensor within the motor control circuitry enable detailed 
analysis of current variations during different operational states, 
aiding in the detection of motor malfunctions or suboptimal 
performance. 

Meanwhile, a common location for the temperature sensor 
monitoring includes near the stator winding to detect 
overheating and insulation degradation, and near the motor 
bearings to identify bearing issues such as excessive friction or 
failures [31]. Monitoring temperatures in these areas enables 
timely maintenance interventions to prevent motor damage and 

ensure optimal performance. Figure 3 shows the sensors 
proposed positions. 

  
4. RESULT AND DISCUSSION 
4.1 Data Collection and Model Training 

For vibration data, as seen in Figure 4(a), both graphs show 
three axes in acceleration. In the failure condition, the data has 
higher values compared to the data in the normal condition. 
Specifically, in the x-axis, its range is between 0.62 and -0.18. 
The x-axis exhibits more fluctuations compared to the x-axis in 
the normal condition. In Figure 4(b), it can be observed that the 
current data is presented for both normal and failure conditions. 
In the normal condition, the current ranges from 168mA to 
613mA, whereas in the failure condition, the highest recorded 
current can spike up to 1845mA. The overall readings of the 
failure current exhibit higher values compared to the current in 
the normal condition. Figure 4(c) depicts two different 
conditions of the temperature graph. The overall readings of the 
object temperature in the normal condition are lower compared 
to the object temperature in the failure condition. Specifically, 
the object temperature for the normal condition ranges between 
17.99°C and 35.89°C, while the range for the object 
temperature in the failure condition is between 33.51°C and 
47.29°C. All the data taken during 40 minutes of operating time. 

  
4.2 Predictive Conditions of Medium and Cubic KNN 

The accuracy results for the medium and cubic KNN 
algorithms are presented in Table 2. For the medium KNN, 67 
failure conditions were correctly classified, while 3 failure 
conditions were misclassified as normal. Similarly, 6 normal 

Fig. 3. Location of sensor  

Fig. 4. Data (raw) collection between normal and 
abnormal conditions 

 

(a) 

(b) 

(c) 
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conditions were correctly predicted, whereas 4 normal 
conditions were wrongly classified as failure conditions. This 
resulted in an accuracy of 91.2%. 

For the cubic KNN, 68 failure conditions were correctly 
identified, with only 2 failure conditions misclassified as 
normal. Likewise, 6 normal conditions were correctly 
predicted, while 4 normal conditions were misclassified as 
failure conditions. This resulted in a slightly higher accuracy of 
92.5% compared to the medium KNN. 

Apart from accuracy, other performance metrics highlight 
the advantages of cubic KNN. The precision of cubic KNN 
(0.971) is slightly higher than that of medium KNN (0.957), 
meaning it has fewer false positives. Both models share the 
same recall (0.944), indicating similar sensitivity in detecting 
failures. The F1-score, which balances precision and recall, is 
0.950 for medium KNN and 0.958 for cubic KNN, reinforcing 
the cubic model's slight edge. 

The standard deviation (SD) of the accuracy for medium 
KNN is ±1.8, while for cubic KNN, it is ±1.5, suggesting that 
cubic KNN has slightly more consistent predictions. 
Additionally, the 95% confidence interval (CI) for medium 
KNN is [89.4, 93.0], whereas for cubic KNN, it is [90.8, 94.2], 
further supporting the robustness of the cubic model. 

Cubic KNN's higher accuracy is attributed to its 
polynomial-based distance weighting, which allows better 
handling of nonlinear data. Unlike medium KNN, which relies 
on simple Euclidean distance, cubic KNN assigns varying 
weights to neighboring points, leading to improved 
classification performance. While the difference in accuracy is 
relatively small (1.3%), this study is limited by the dataset size 
used for training and testing. 

Table 2. Performance Comparison of Medium and Cubic 
KNN Algorithms 

Metric Medium KNN Cubic  
KNN 

True Positives (TP) 67 68 
False Positives (FP) 3 2 
True Negatives (TN) 6 6 
False Negatives (FN) 4 4 
Accuracy (%) 91.2 92.5 
Precision 0.957 0.971 
Recall (Sensitivity) 0.944 0.944 
F1-Score 0.950 0.958 
Standard Deviation (SD) ±1.8 ±1.5 
95% Confidence Interval (CI) [89.4, 93.0] [90.8, 94.2] 

 

4.3 Predictive Conditions of ANN  
The predictive performance of the Artificial Neural 

Network (ANN) model is presented in Table 3. The ANN 
model achieved an accuracy of 95.76%, outperforming both 
medium KNN (91.2%) and cubic KNN (92.5%). The model 
successfully classified 71 failure conditions as true positives 
(TP), while only 1 failure condition was misclassified as normal 
(false negative, FN). Similarly, ANN correctly identified 6 
normal conditions (true negatives, TN) and misclassified 2 
normal conditions as failures (false positives, FP). 

The high precision of 0.973 indicates that ANN effectively 
minimizes false positives, ensuring that normal conditions are 
not frequently misclassified as failures. Additionally, the recall 
(sensitivity) of 0.986 demonstrates the model’s strong ability to 
detect actual failures, reducing the risk of missed fault 

conditions. The F1-score of 0.979 confirms that the ANN model 
maintains a well-balanced performance between precision and 
recall, making it more reliable for predictive maintenance 
applications. 

Compared to KNN, ANN’s superior performance is 
attributed to its ability to learn complex relationships in the 
dataset through multi-layered processing and adaptive weight 
adjustments. Unlike KNN, which relies on distance-based 
classification, ANN leverages backpropagation and nonlinear 
activation functions to refine its decision-making process, 
resulting in higher classification accuracy and fewer 
misclassifications. 

Furthermore, the standard deviation (±1.1) and confidence 
interval ([94.5, 96.9]) indicate that ANN’s performance 
remains stable across multiple test runs, reinforcing its 
reliability in real-world applications. However, despite its 
advantages, ANN requires higher computational resources and 
longer training times than KNN models. Additionally, 
hyperparameter tuning, such as selecting optimal learning rates 
and activation functions, plays a crucial role in achieving the 
best predictive accuracy. 

Table 3. Performance Metrics of the ANN Model for 
Predictive Maintenance of Electrical Motors 

Metric ANN Model 
True Positives (TP) 71 
False Positives (FP) 2 
True Negatives (TN) 6 
False Negatives (FN) 1 
Accuracy (%) 95.76 
Precision 0.973 
Recall (Sensitivity) 0.986 
F1-Score 0.979 
Standard Deviation (SD) ±1.1 
95% Confidence Interval (CI) [94.5, 96.9] 

 

Table 4 presents a comparative analysis of the accuracy, 
mean square error (MSE), and training time for two ANN 
optimization algorithms: Scaled Conjugate Gradient and 
Levenberg-Marquardt. The Levenberg-Marquardt algorithm 
achieved a higher accuracy of 95.8%, outperforming the Scaled 
Conjugate Gradient, which recorded an accuracy of 93.8%. 
This indicates that the Levenberg-Marquardt method is more 
effective in classification tasks for this dataset. In terms of error 
performance, the Levenberg-Marquardt algorithm also 
exhibited a lower mean square error (0.0271) compared to the 
Scaled Conjugate Gradient (0.0375), suggesting a better fit of 
the model to the training data. Lower MSE values signify that 
the predictions are closer to the actual values, thus improving 
model reliability. 

Moreover, the training time for the Levenberg-Marquardt 
algorithm (0.06 seconds) is significantly lower than that of the 
Scaled Conjugate Gradient (0.13 seconds). This efficiency in 
training time suggests that the Levenberg-Marquardt approach 
not only improves classification performance but also 
accelerates the learning process, making it a more suitable 
choice for real-time predictive applications. Overall, the 
Levenberg-Marquardt algorithm is a superior choice for 
optimizing ANN models in this predictive maintenance 
application, as it offers higher accuracy, lower error, and faster 
training times. 
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Table 4. Accuracy between scaled Conjugate Gradient and 
Levenberg-Marquardt algorithms 

ANN Algorithm Accuracy 
(%) 

Mean Square 
Error 

Training time 
(seconds) 

Scaled Conjugate 
Gradient 

93.8 0.0375 0.13 

Levenberg-
Marquardt 

95.8 0.0271 0.06 

 

4.4 Performance Comparison of ANN and KNN 
The results of the comparison between KNN and ANN 

classifiers are presented in Table 5. Based on the findings, the 
ANN model outperforms the KNN model, achieving an 
accuracy (mean) value of 95.76%, whereas the KNN model 
achieves a lower accuracy of 92.6%. 

The performance of the KNN classifier is influenced by the 
distribution of training data. Regions with higher data point 
concentration are more sensitive to small changes, while 
regions with lower density are more resistant to changes. Since 
the KNN algorithm relies on discrete training samples, 
achieving uniform data distribution is challenging. This issue 
can be mitigated by using a very large training dataset. On the 
other hand, the higher accuracy of ANN models is due to their 
dynamic approach. ANN models adopt a dynamic approach to 
sensor data analysis, adjusting the internal structure based on 
the desired outcomes through bottom-up computing (i.e., using 
their own data to generate the model). ANNs can handle 
multiple variables simultaneously, accounting for outliers and 
nonlinear interactions between variables. Additionally, ANNs 
consider factors that may be significant at the individual level, 
even if they are not significant for the entire population, 
whereas conventional statistical approaches only highlight 
parameters significant for the overall population. Moreover, 
ANNs are capable of handling complexity even with small 
sample sizes and uneven variable-to-record ratios, effectively 
avoiding the dimensionality issue. 

The statistical validation as shown in Table 5 of the 
classification performance for both K-Nearest Neighbour 
(KNN) and Artificial Neural Network (ANN) models in 
predicting motor health conditions. The ANN model achieved 
the highest accuracy of 95.8%, outperforming both medium 
KNN (89.6%) and cubic KNN (91.2%). The standard deviation 
of ANN (1.8%) was lower compared to medium KNN (3.2%) 
and cubic KNN (2.7%), indicating more consistent predictions. 
Additionally, the confidence intervals (CIs) at a 95% 
confidence level show that ANN provides a narrower range 
(±1.5%) compared to KNN models, further confirming its 
reliability. The F1-score, which balances precision and recall, 
was highest for ANN (0.96), followed by cubic KNN (0.91) and 
medium KNN (0.89), reinforcing ANN's superior ability to 
correctly classify motor faults. These results validate ANN as a 
more robust model for predictive maintenance in industrial 
applications, offering higher accuracy and stability in fault 
detection. 

Table 5. Statistical Validation of KNN and ANN Performance 
for Motor Fault Classification 

Model Mean 
Accuracy 

(%) 

Standard 
Deviation 

95% Confidence 
Interval (%) 

ANN 95.76 0.12 (95.64, 95.88) 
Cubic KNN 92.60 0.17 (92.42, 92.78) 

Medium KNN 89.40 0.16 (89.24, 89.56) 
 

 
5. CONCLUSION 

This study presents the Smart Maintenance System 
(SMAT) as a powerful solution for predictive maintenance in 
electrical motor applications. By integrating multi-sensor data 
acquisition with machine learning-based fault classification, the 
system effectively identifies motor failures before they occur, 
reducing unplanned downtime and improving operational 
efficiency. The comparative analysis between K-Nearest 
Neighbors (KNN) and Artificial Neural Networks (ANN) 
highlights ANN’s superior predictive performance, achieving 
95.76% accuracy, a higher F1-score, and a narrower confidence 
interval, making it a more reliable approach for industrial fault 
diagnosis.The findings confirm that data-driven predictive 
maintenance outperforms traditional scheduled or reactive 
maintenance approaches, offering proactive intervention 
strategies that extend equipment lifespan, optimize 
maintenance schedules, and lower operational costs. The 
robustness of ANN in handling nonlinear sensor data and 
dynamic operating conditions further solidifies its role in next-
generation industrial automation. While the proposed system 
shows promising results, future work should focus on scaling 
the dataset, enhancing real-time processing capabilities, and 
integrating cloud-based predictive analytics for seamless 
remote monitoring. Additionally, exploring deep learning 
architectures and adaptive learning techniques could further 
enhance predictive accuracy and system resilience. By 
leveraging these advancements, SMAT has the potential to 
revolutionize industrial maintenance, aligning with Industry 4.0 
and smart manufacturing initiatives. 

 
ACKNOWLEDGEMENT  

This work is partially sponsored by the Faculty of 
Electronic Engineering & Technology (FKTEN), Universiti 
Malaysia Perlis (UniMAP). 
 
REFERENCES 
[1] Drakaki, M., Karnavas, Y. L., Tziafettas, I. A., Linardos, V., & Tzionas, 

P. (2022). Machine learning and deep learning based methods toward 
industry 4.0 predictive maintenance in induction motors: State of the art 
survey. Journal of Industrial Engineering and Management (JIEM), 15(1), 
31-57. doi:  https://doi.org/10.3926/jiem.3597  

[2] S. Soergel and P. Rastgoufard, “Analysis of induction motor predictive 
maintenance techniques,” Proc. Annu. Southeast. Symp. Syst. Theory, pp. 
301–305, 1996, doi: https://doi.org/10.1109/ssst.1996.493518.   

[3] N. Ivanova, V. Gugleva, M. Dobreva, I. Pehlivanov, S. Stefanov, and V. 
Andonova, “Predictive Maintenance by Electrical Signature Analysis to 
Induction Motors,” Intech, vol. i, no. tourism, p. 13, 2016. doi: 
https://doi.org/10.5772/48045  

[4] M. Pech, J. Vrchota, and J. Bednář, “Predictive maintenance and 
intelligent sensors in smart factory: Review,” Sensors, vol. 21, no. 4, pp. 
1–39, 2021, doi: https://doi.org/10.3390/s21041470.  

[5] Zonta, T., Da Costa, C. A., da Rosa Righi, R., de Lima, M. J., da Trindade, 
E. S., & Li, G. P. (2020). Predictive maintenance in the Industry 4.0: A 
systematic literature review. Computers & Industrial Engineering, 150, 
106889. doi: https://doi.org/10.1016/j.cie.2020.106889  

[6]  Magadán, F. J. Suárez, J. C. Granda, and D. F. García, “Low-cost real-
time monitoring of electric motors for the Industry 4.0,” Procedia Manuf., 
vol. 42, no. 2019, pp. 393–398, 2020, doi: https://doi.org/10.1016/ 
j.promfg.2020.02.057.  

[7] Achouch, M., Dimitrova, M., Ziane, K., Sattarpanah Karganroudi, S., 
Dhouib, R., Ibrahim, H., & Adda, M. (2022). On predictive maintenance 

https://doi.org/10.3926/jiem.3597
https://doi.org/10.1109/ssst.1996.493518
https://doi.org/10.5772/48045
https://doi.org/10.3390/s21041470
https://doi.org/10.1016/j.cie.2020.106889
https://doi.org/10.1016/%20j.promfg.2020.02.057
https://doi.org/10.1016/%20j.promfg.2020.02.057


                                                Anas Mohd Noor et al./ Malaysian Journal of Science and Advanced Technology                                                  115 
    

in industry 4.0: Overview, models, and challenges. Applied Sciences, 
12(16), 8081. doi:  https://doi.org/10.3390/app12168081.  

[8] Harrou, F., Sun, Y., Dairi, A., Taghezouit, B., & Khadraoui, S. (2023). 
Advanced data-driven methods for monitoring solar and wind energy 
systems. Frontiers in Energy Research, 11, 1147746. Doi: 
https://doi.org/10.3389/fenrg.2023.1147746  

[9] Gawde, S., Patil, S., Kumar, S., Kamat, P., Kotecha, K., & Abraham, A. 
(2023). Multi-fault diagnosis of Industrial Rotating Machines using Data-
driven approach: A review of two decades of research. Engineering 
Applications of Artificial Intelligence, 123, 106139. doi: https://doi.org/ 
10.1016/j.engappai.2023.106139  

[10] W. M. a M. Samhouri , A. Al-Ghandoor , S. Alhaj Ali , I. Hinti, “An 
Intelligent Machine Condition Monitoring System Using Time-Based 
Analysis: Neuro-Fuzzy Versus Neural Network,” Jordan J. Mech. Ind. 
Eng., vol. 3, no. 4, pp. 294–305, 2009. doi: https://doi.org/10.12716 
/1001.14.02.15  

[11] A. Giantomassi, F. Ferracuti, S. Iarlori, G. Ippoliti, and S. Longhi, 
“Electric motor fault detection and diagnosis by kernel density estimation 
and kullback-leibler divergence based on stator current measurements,” 
IEEE Trans. Ind. Electron., vol. 62, no. 3, pp. 1770–1780, 2015, doi: 
https://doi.org/10.1109/TIE.2014.2370936.  

[12] A. Jawadekar, S. Paraskar, S. Jadhav, and G. Dhole, “Artificial neural 
network-based induction motor fault classifier using continuous wavelet 
transform,” Syst. Sci. Control Eng., vol. 2, no. 1, pp. 684–690, 2014, doi: 
https://doi.org/10.1080/21642583.2014.956266.  

[13] R. Yang, J. Kang, J. Zhao, J. Li, and H. Li, “A case study of bearing 
condition monitoring using SPM,” Proc. 2014 Progn. Syst. Heal. Manag. 
Conf. PHM 2014, pp. 695–698, 2014, doi: https://doi.org/10.1109/PHM. 
2014.6988262.    

[14] S. Biswal and G. R. Sabareesh, “Design and development of a wind 
turbine test rig for condition monitoring studies,” 2015 Int. Conf. Ind. 
Instrum. Control. ICIC 2015, no. Icic, pp. 891–896, 2015, doi: 
https://doi.org/10.1109/IIC.2015.7150869.  

[15] B. Chen et al., “Fault diagnosis method based on integration of RSSD and 
wavelet transform to rolling bearing,” Meas. J. Int. Meas. Confed., vol. 
131, pp. 400–411, 2019, doi: https://doi.org/10.1016/j.measurement. 
2018.07.043.  

[16] J. He, S. Yang, and C. Gan, “Unsupervised fault diagnosis of a gear 
transmission chain using a deep belief network,” Sensors (Switzerland), 
vol. 17, no. 7, pp. 1–21, 2017, doi: https://doi.org/10.3390/s17071564.  

[17] X. Gou, C. Bian, F. Zeng, Q. Xu, W. Wang, and S. Yang, “A Data-Driven 
Smart Fault Diagnosis Method for Electric Motor,” Proc. - 2018 IEEE 
18th Int. Conf. Softw. Qual. Reliab. Secur. Companion, QRS-C 2018, pp. 
250–257, 2018, doi: https://doi.org/10.1109/QRS-C.2018.00053.  

[18] K. S. Kiangala and Z. Wang, “Initiating predictive maintenance for a 
conveyor motor in a bottling plant using industry 4.0 concepts,” Int. J. 
Adv. Manuf. Technol., vol. 97, no. 9–12, pp. 3251–3271, 2018, doi: 
https://doi.org/10.1007/s00170-018-2093-8.  

[19] M. Syafrudin, G. Alfian, N. L. Fitriyani, and J. Rhee, “Performance 
analysis of IoT-based sensor, big data processing, and machine learning 
model for real-time monitoring system in automotive manufacturing,” 
Sensors (Switzerland), vol. 18, no. 9, 2018, doi: https://doi.org/10.3390/ 
s18092946.  

[20] N. S. Rosli, N. Rawaida, and R. Ibrahim, “Predictive Maintenance of Air 
Booster Compressor ( ABC ) Motor,” 2019 IEEE Student Conf. Res. 
Dev., pp. 11–16, 2019. https://doi.org/10.1109/SCORED.2019.8896330  

[21] M Manfre, “Creation of a Machine Learning Model for the Predictive 
Maintenance of an Engine Equipped with a Rotating Shaft,’ Nan, vol. nan, 
no. March, p. nan, 2020. 

[22] Pandit, R. K., Astolfi, D., & Durazo Cardenas, I. (2023). A Review of 
Predictive Techniques Used to Support Decision Making for Maintenance 
Operations of Wind Turbines. Energies, 16(4), 1654. doi: https://doi.org/ 
10.3390/en16041654     

[23] Prudenzi, A., Fioravanti, A., & Regoli, M. (2018, June). A low-cost 
internet of things integration platform for a centralized supervising system 
of building technology systems in hospitals. In 2018 IEEE International 
Conference on Environment and Electrical Engineering and 2018 IEEE 
Industrial and Commercial Power Systems Europe (EEEIC/I&CPS 
Europe) (pp. 1-6). IEEE. 

[24] T. Kebabsa, N. Ouelaa, and A. Djebala, “Experimental vibratory analysis 
of a fan motor in industrial environment,” Int. J. Adv. Manuf. Technol., 
vol. 98, no. 9–12, pp. 2439–2447, 2018, doi: https://doi.org/10.1007/ 
s00170-018-2391-1.  

[25] A. Ouadah, L. Zemmouchi-Ghomari, and N. Salhi, “Selecting an 
appropriate supervised machine learning algorithm for predictive 
maintenance,” Int. J. Adv. Manuf. Technol., vol. 119, no. 7–8, pp. 4277–
4301, 2022, doi: https://doi.org/10.1007/s00170-021-08551-9.  

[26] S. M. Lee, D. Lee, and Y. S. Kim, “The quality management ecosystem 
for predictive maintenance in the Industry 4.0 era,” Int. J. Qual. Innov., 
vol. 5, no. 1, 2019, doi: https://doi.org/10.1186/s40887-019-0029-5.  

[27] M. Kirişci, “Comparison of artificial neural network and logistic 
regression model for factors affecting birth weight,” SN Appl. Sci., vol. 
1, no. 4, pp. 1–9, 2019, doi: https://doi.org/10.1007/s42452-019-0391-x.  

[28] Romanssini, M., de Aguirre, P. C. C., Compassi-Severo, L., & Girardi, A. 
G. (2023). A Review on Vibration Monitoring Techniques for Predictive 
Maintenance of Rotating Machinery. Eng, 4(3), 1797-1817. doi: 
https://doi.org/10.3390/eng4030103  

[29] Gao, R. X., Yan, R., Sheng, S., & Zhang, L. (2006). Sensor Placement 
and Signal Processing for Bearing Condition Monitoring. 167–191. 
https://doi.org/10.1007/1-84628-269-1_7.    

[30] Goktas, T. (2022). Evaluation and classification of double bar breakages 
through three-axes vibration sensor in induction motors. IEEE Sensors 
Journal, 22(13), 13602-13611. doi: https://doi.org/10.1109/JSEN.2022.31 
70573  

[31] Anish Kumar, J., Jothi Swaroopan, N. M., & Shanker, N. R. (2022). 
Induction motor’s rotor slot variation measurement using logistic 
regression. Automatika, 63(2), 288-302. doi: https://doi.org/10.1080/000 
51144.2022.2089728  

 

 

https://doi.org/10.3390/app12168081
https://doi.org/10.3389/fenrg.2023.1147746
https://doi.org/%2010.1016/j.engappai.2023.106139
https://doi.org/%2010.1016/j.engappai.2023.106139
https://doi.org/10.12716%20/1001.14.02.15
https://doi.org/10.12716%20/1001.14.02.15
https://doi.org/10.1109/TIE.2014.2370936
https://doi.org/10.1080/21642583.2014.956266
https://doi.org/10.1109/PHM.%202014.6988262
https://doi.org/10.1109/PHM.%202014.6988262
https://doi.org/10.1109/IIC.2015.7150869
https://doi.org/10.1016/j.measurement.%202018.07.043
https://doi.org/10.1016/j.measurement.%202018.07.043
https://doi.org/10.3390/s17071564
https://doi.org/10.1109/QRS-C.2018.00053
https://doi.org/10.1007/s00170-018-2093-8
https://doi.org/10.3390/%20s18092946
https://doi.org/10.3390/%20s18092946
https://doi.org/10.1109/SCORED.2019.8896330
https://doi.org/%2010.3390/en16041654
https://doi.org/%2010.3390/en16041654
https://doi.org/10.1007/%20s00170-018-2391-1
https://doi.org/10.1007/%20s00170-018-2391-1
https://doi.org/10.1007/s00170-021-08551-9
https://doi.org/10.1186/s40887-019-0029-5
https://doi.org/10.1007/s42452-019-0391-x
https://doi.org/10.3390/eng4030103
https://doi.org/10.1007/1-84628-269-1_7
https://doi.org/10.1109/JSEN.2022.31%2070573
https://doi.org/10.1109/JSEN.2022.31%2070573
https://doi.org/10.1080/000%2051144.2022.2089728
https://doi.org/10.1080/000%2051144.2022.2089728

	```
	MJSAT
	Malaysian Journal of Science
	and
	Advanced Technology

