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Abstract

Predictive maintenance is a key factor in ensuring the reliability and efficiency of industrial
motors. It helps in detecting potential faults in machines before they occur. In this paper, a
predictive maintenance system using IoT technology is proposed to ensure the health monitoring
of industrial motors using a Raspberry Pi and sensor technology. In this system, motor parameters
such as vibration, temperature, and current are considered to analyze the motor’s operating
condition. Experimental tests were carried out under various operating conditions such as normal
operation, increased load, and fault condition using a motor. The proposed system detected
abnormal operating conditions such as bearing fault, temperature rise, and current overload when
vibration is above 1.0 g, temperature exceeds 65°C, and current exceeds 4 A, respectively. The
system was able to achieve a fault detection accuracy of approximately 94.5%, with a response
time of less than two seconds. Thus, it is clear that the proposed system is a reliable, cost-effective,
and efficient solution for the purpose of motor condition monitoring.
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I. Introduction

Industrial motors are essential components in modern manufacturing systems, automation
processes, and energy infrastructures. Their continuous and reliable operation is necessary to
maintain productivity and avoid costly downtime. However, electric motors are susceptible to
several mechanical and electrical faults such as bearing degradation, rotor imbalance, overheating,
misalignment, and current irregularities. These faults often develop gradually and may remain
undetected until they cause severe damage or system failure. Therefore, continuous monitoring
and early fault detection are critical for improving equipment reliability and reducing maintenance
costs [1], [3]. Traditional maintenance approaches mainly include reactive maintenance and
preventive maintenance strategies. Reactive maintenance repairs equipment only after a failure
occurs, which may result in unexpected downtime and high repair expenses. Preventive
maintenance follows a fixed schedule for servicing equipment, regardless of the actual operating
condition of the machine. Although these methods are widely used in industry, they often fail to
detect early-stage faults and may lead to inefficient maintenance planning [10], [21].

The emergence of predictive maintenance has significantly improved industrial maintenance
practices by enabling data-driven fault detection and failure prediction. Predictive maintenance
relies on continuous monitoring of machine parameters such as vibration, temperature, and
electrical current to assess equipment health and detect abnormal behavior. Advanced analytics
and machine learning techniques can further analyze these signals to predict potential failures
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before they occur, allowing timely maintenance actions and reducing operational disruptions [4],
[22]. With the rapid development of the Internet of Things (loT), industrial systems can now
integrate smart sensors, embedded controllers, and cloud platforms for real-time monitoring and
data analysis. 10T technologies enable connected devices to collect sensor data and transmit it
through network infrastructures for remote monitoring and predictive analytics. Several studies
have demonstrated the effectiveness of loT-based monitoring systems for industrial equipment
health management and predictive maintenance applications [6], [12].

Low-cost embedded computing platforms such as the Raspberry Pi have become popular in
industrial monitoring applications due to their compact design, high computational capability, and
support for various communication interfaces. These devices can interface with multiple sensors,
perform local data processing, and communicate with cloud platforms using wireless networking
technologies. Raspberry Pi-based systems are widely used for condition monitoring of industrial
machines because they provide an affordable and flexible solution for implementing loT-based
predictive maintenance systems [13], [18].

In predictive maintenance systems, multiple sensors are typically used to monitor different aspects
of machine behavior. Vibration sensors are commonly used to detect mechanical faults such as
bearing damage and imbalance, while temperature sensors can identify overheating conditions
caused by excessive load or lubrication failure. Additionally, current sensors can detect electrical
anomalies such as winding faults or load imbalances. Combining these sensing techniques
improves the accuracy and reliability of fault detection systems [19], [25].

Recent research has also explored the use of machine learning and deep learning techniques for
predictive maintenance in industrial environments. Algorithms such as Random Forest, Support
Vector Machines, and neural networks can analyze sensor data patterns and classify machine
health conditions with high accuracy. However, many of these approaches require significant
computational resources and are often implemented using cloud-based platforms, which may
introduce latency and dependency on network connectivity [16], [27].

To address these challenges, modern predictive maintenance systems integrate edge computing
with cloud analytics, where initial data processing and anomaly detection are performed locally on
embedded devices before transmitting summarized data to the cloud. This approach reduces
network bandwidth usage, enables faster fault detection, and ensures continuous system operation
even when network connectivity is limited [21], [29].

Motivated by these developments, this research proposes an loT-based predictive maintenance
system for industrial motors using Raspberry Pi and multi-sensor monitoring. The proposed system
integrates vibration, temperature, and current sensors to continuously monitor motor health. Sensor
data is processed locally on a Raspberry Pi for anomaly detection and then transmitted to a cloud
platform for visualization and long-term analysis. The system also generates automated alerts
when abnormal motor behavior is detected, enabling proactive maintenance actions.

The proposed architecture aims to provide a low-cost, scalable, and efficient predictive
maintenance solution suitable for Industry 4.0 environments, particularly for small and medium-
scale industrial applications.

Il.Related Work

Predictive maintenance has become an essential approach in modern industrial systems to improve
equipment reliability, reduce downtime, and optimize maintenance costs. With the rapid
development of the Internet of Things (IoT), machine learning, and cloud computing, researchers
have proposed various intelligent monitoring systems for industrial motors and rotating machinery.
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This section reviews the recent advancements in loT-based predictive maintenance systems,
machine learning-based fault detection techniques, and sensor-based monitoring architectures.
Early research in predictive maintenance primarily focused on sensor-based condition monitoring
techniques. Chuang et al. [1] developed a predictive maintenance framework that utilized sensor
data analytics to monitor machine conditions using embedded platforms. Similarly, Al-Naggar [2]
proposed an loT-enabled monitoring architecture for industrial machines that enabled continuous
data collection and remote monitoring through cloud platforms. Mykoniatis et al. [3] designed a
real-time condition monitoring system for electric motors using 10T technologies, demonstrating
that sensor-based monitoring can significantly improve machine reliability and operational
efficiency.

With the integration of machine learning techniques, predictive maintenance systems have
achieved higher accuracy in detecting faults and predicting equipment failures. Elkateb et al. [4]
proposed a machine learning-based predictive maintenance system that utilized 10T sensor data
for anomaly detection in industrial machines. Their study demonstrated that machine learning
algorithms can effectively detect abnormal patterns in sensor signals and predict potential failures.
Similarly, Abdulkareem et al. [8] investigated the use of machine learning algorithms for induction
motor fault detection and showed that classification techniques can achieve high diagnostic
accuracy.

loT-enabled monitoring systems have also gained significant attention in industrial maintenance
applications. Yousuf et al. [5] developed an loT-based health monitoring system for induction
motors that continuously monitored temperature and electrical parameters to detect early faults.
Magadan et al. [6] introduced a wireless 1oT-based monitoring platform for industrial motors,
enabling real-time data transmission and remote monitoring through cloud services. Chevtchenko
et al. [7] further proposed an loT-driven anomaly detection framework that used sensor data
streams to detect abnormal motor conditions in real time.

Vibration analysis has been widely recognized as one of the most effective techniques for detecting
mechanical faults in rotating machinery. Pellicciari et al. [20] analyzed vibration signals to identify
early-stage bearing faults and mechanical anomalies in industrial motors. Similarly, Kolok et al.
[9] proposed a low-cost predictive maintenance system using vibration sensors and loT
communication technologies, demonstrating the feasibility of implementing vibration-based
monitoring systems in industrial environments. Almeida and Costa [28] also conducted a
comparative study of vibration sensing technologies for motor diagnostics and highlighted the
importance of vibration signal analysis in predictive maintenance systems.

In addition to vibration monitoring, multi-sensor monitoring approaches have been widely
explored to improve fault detection reliability. Singh and Kumar [19] proposed a sensor fusion-
based fault detection method that combined vibration and electrical measurements for industrial
motors. Chen and Han [25] further demonstrated that integrating vibration and acoustic signals
can significantly improve the accuracy of fault diagnosis in rotating machinery. Arunkumar et al.
[24] investigated current harmonic analysis techniques for identifying electrical faults in AC
motors, emphasizing the importance of electrical parameter monitoring in predictive maintenance
systems.

The emergence of cloud computing and industrial 10T platforms has enabled large-scale
monitoring and data analytics for industrial equipment. Morakchi et al. [12] developed a cloud-
integrated industrial monitoring system using Raspberry Pi and 10T technologies to collect and
analyze sensor data from industrial machines. Noor et al. [13] proposed a smart loT-based motor
health monitoring system that provided real-time visualization of motor parameters through cloud
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dashboards. Jain and Goel [17] further explored cloud-based predictive maintenance systems using
AWS IoT and machine learning algorithms to provide scalable industrial monitoring solutions.

In recent years, advanced machine learning and deep learning models have been applied to
predictive maintenance systems for improved fault detection and prediction accuracy. Lai et al.
[15] proposed a deep learning model for predicting the remaining useful life (RUL) of industrial
equipment using attention-based neural networks. Khan and Sadig [16] introduced adaptive
machine learning techniques for analyzing motor thermal and torque data to detect early signs of
failure. Zhang [27] also investigated machine learning-driven diagnostic systems for smart
factories, highlighting the growing role of artificial intelligence in industrial maintenance systems.
Edge computing has also been introduced to reduce latency and enable real-time decision-making
in industrial monitoring systems. Rahman et al. [21] proposed an edge-enabled predictive
maintenance system that performs anomaly detection locally before transmitting processed data to
the cloud. Torres and Lee [22] discussed the integration of 10T and artificial intelligence for
Industry 4.0 predictive maintenance frameworks. Similarly, Kowalski [29] emphasized the
importance of edge-cloud collaboration for efficient predictive maintenance systems in industrial
environments.

Recent research has also explored digital twin technologies and advanced 0T architectures for
machine monitoring. Samra and Mejia [23] proposed a digital twin architecture for industrial
equipment monitoring using loT technologies. Dhanaraj and Anitha [18] developed an 10T -based
condition monitoring system for pump and motor applications using wireless communication
technologies. Varalakshmi et al. [30] proposed an optimized predictive maintenance framework
for Industrial 10T networks that utilizes streaming data analytics to improve equipment reliability.
Despite these advancements, several limitations remain in existing predictive maintenance
systems. Many systems rely on single-sensor monitoring approaches, which may reduce fault
detection accuracy. Others depend heavily on cloud-based processing, leading to increased latency
and network dependency. Furthermore, many advanced machine learning models require
significant computational resources and may not be suitable for embedded platforms such as
Raspberry Pi.

Therefore, there is a need for a low-cost, scalable predictive maintenance architecture that
integrates multi-sensor monitoring, edge computing, and cloud-based analytics. The proposed
system in this research addresses these challenges by combining vibration, temperature, and
current sensing with Raspberry Pi-based edge processing and 10T cloud monitoring to provide
efficient and reliable predictive maintenance for industrial motors.

I11.Proposed Methodology

The proposed methodology presents an loT-enabled predictive maintenance framework for
industrial motor monitoring that integrates multi-sensor data acquisition, edge computing,
intelligent fault detection, and cloud-based analytics. The objective of the system is to continuously
monitor critical motor parameters such as vibration, temperature, and electrical current in order to
identify abnormal operating conditions at an early stage. Sensor data is collected and processed
locally using a Raspberry Pi edge device, where preprocessing and feature extraction techniques
are applied to improve data quality and enable efficient fault detection. The processed information
is then transmitted to a cloud platform for real-time visualization, historical data analysis, and
remote monitoring. By combining edge intelligence with 10T connectivity, the proposed
architecture enables reliable fault detection, automated alert generation, and proactive maintenance
decisions, thereby improving system reliability and reducing unexpected equipment downtime.
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Fig.1 Proposed Architecture

Figure 1 illustrates the proposed methodology for the loT-based predictive maintenance system
designed to monitor the health condition of industrial motors. The architecture consists of multiple
functional layers that work together to collect sensor data, process it at the edge device, detect
abnormal operating conditions, and provide remote monitoring and alerts.

The system begins with the Sensing Layer, where multiple sensors are deployed to continuously
monitor important motor parameters. A vibration sensor is used to detect mechanical irregularities
such as bearing faults, rotor imbalance, and shaft misalignment. A temperature sensor measures
the surface temperature of the motor to identify overheating conditions caused by excessive load
or mechanical friction. Additionally, a current sensor measures electrical current variations that
may indicate electrical faults or abnormal loading conditions. These sensors generate real-time
data that represents the operational condition of the motor.

The collected sensor data is transmitted to the Raspberry Pi 4, which functions as the central
processing unit of the system. The Raspberry Pi forms the Edge Processing Layer, where sensor
signals are acquired and preprocessed before further analysis. At this stage, raw sensor data
undergoes noise filtering, signal smoothing, and preprocessing to remove measurement errors and
environmental interference. Edge processing allows the system to analyze data locally and reduces
the dependency on cloud computing.

After preprocessing, the data enters the Feature Extraction and Fault Detection Layer. In this
stage, important features such as vibration RMS values, peak amplitudes, temperature readings,
and current fluctuations are extracted from the sensor signals. These features are then evaluated
using two possible approaches: a rule-based model and a machine learning model. The rule-based
model compares sensor values with predefined safety thresholds, while the machine learning
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model analyzes patterns in the data to detect abnormal behavior. Based on the analysis, the system
classifies the motor condition as either normal or abnormal.

If the system detects normal operating conditions, the processed data is forwarded to the Cloud
Communication Layer, where it is transmitted to 10T platforms such as ThingSpeak or AWS IoT.
The cloud platform stores the collected data and generates real-time dashboards that display motor
performance metrics. This enables remote monitoring and long-term analysis of motor behaviour.
If abnormal conditions are detected, the system triggers the Alert and Visualization Layer. In
this stage, warning notifications are generated and sent to users through various communication
channels such as email or SMS. Additionally, local alert mechanisms such as buzzer or LED
indicators may be activated to immediately notify nearby operators about potential faults.
Overall, the proposed methodology integrates multi-sensor monitoring, edge computing,
intelligent fault detection, and cloud-based visualization into a unified framework. This
architecture enables early detection of motor faults, reduces unexpected equipment failures, and
supports predictive maintenance strategies in industrial environments.

V. System Work Flow
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Fig.2 System flow chart
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Figure 2 illustrates the operational workflow of the proposed l0T-based predictive maintenance
system designed for monitoring industrial motor health. The workflow describes the sequence of
operations performed by the system, starting from initialization and ending with continuous
monitoring and system termination. The diagram highlights the interaction between sensor data
acquisition, data processing, fault detection, cloud communication, and alert generation.

The workflow begins with the Start stage, where the monitoring system is activated. Once the
system starts, the Raspberry Pi initializes all hardware components and communication interfaces
during the System Initialization stage. At this stage, the system configures the required
communication protocols such as 12C, SPI, and 1-Wire to establish communication with the
connected sensors. After initialization, the system proceeds to the Sensor Data Acquisition stage.
In this stage, multiple sensors continuously collect real-time data from the industrial motor. The
vibration sensor captures mechanical vibration signals generated by the motor, the temperature
sensor measures the motor surface temperature, and the current sensor monitors the electrical
current drawn by the motor. These sensor readings provide essential information about the
operating condition of the motor. The collected data is then passed to the Data Preprocessing
stage. Raw sensor signals often contain noise and irregular fluctuations caused by environmental
conditions or electrical interference. Therefore, preprocessing techniques such as filtering,
normalization, and smoothing are applied to improve data quality and ensure accurate analysis.
After preprocessing, the system performs Feature Extraction, where significant characteristics
are derived from the processed sensor data. For example, vibration signals are analyzed to obtain
features such as RMS value, peak amplitude, and frequency components. Temperature and current
measurements are also analyzed to extract useful indicators that reflect the operational condition
of the motor. Next, the system evaluates the extracted features in the Fault Detection stage. In this
step, the system determines whether the motor is operating under normal or abnormal conditions.
The decision process may involve comparing sensor values with predefined thresholds or applying
machine learning models trained to detect abnormal patterns in motor behavior. If no fault is
detected, the system proceeds to the Cloud Data Transmission stage. In this stage, the processed
sensor data is transmitted to a cloud platform such as ThingSpeak or AWS 1oT. The cloud platform
stores the collected data and provides real-time dashboards for remote monitoring and analysis.

If a fault is detected, the system activates the Alert Generation and Visualization stage. In this
stage, warning notifications are generated and sent to maintenance personnel through
communication channels such as email or SMS. Additionally, local alert mechanisms such as
buzzers or LED indicators may be triggered to immediately notify nearby operators.

The workflow then enters the Continuous Monitoring stage, where the system repeatedly
performs data acquisition and analysis in a continuous loop to ensure real-time monitoring of
motor health. This continuous monitoring enables early detection of abnormal conditions and
supports predictive maintenance strategies.Finally, the workflow ends with the Stop stage, which
represents the termination of the monitoring process when the system is manually stopped or shut
down.Overall, the system workflow ensures efficient integration of sensor monitoring, edge
processing, cloud connectivity, and automated alert mechanisms, enabling reliable and
intelligent predictive maintenance for industrial motors.
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V.Hardware Implementation
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Fig. 3 hardware Implementation of proposed system

Figure 3 illustrates the hardware architecture of the proposed loT-based predictive maintenance
system designed for monitoring the health condition of an industrial motor. The hardware setup
integrates multiple sensors with a Raspberry Pi edge computing device to collect real-time motor
parameters and perform local data processing before transmitting the data to the cloud platform.
At the center of the system is the Raspberry Pi 4, which functions as the main processing unit and
edge controller. The Raspberry Pi is responsible for collecting sensor data, performing preliminary
processing, executing fault detection algorithms, and communicating with cloud servers for remote
monitoring. The device operates using Python-based programs and communicates with sensors
through digital communication interfaces such as 12C, SPI, and 1-Wire protocols.

To monitor mechanical conditions of the motor, a vibration sensor (ADXL345) is connected to
the Raspberry Pi. The ADXL345 is a three-axis accelerometer capable of measuring vibration
signals along the X, Y, and Z axes. It communicates with the Raspberry Pi through the 12C
interface, allowing the system to capture vibration patterns that may indicate mechanical faults
such as bearing wear, rotor imbalance, or shaft misalignment. Temperature monitoring is
performed using a DS18B20 digital temperature sensor, which measures the surface temperature
of the motor. The DS18B20 communicates with the Raspberry Pi through the 1-Wire protocol,
enabling accurate digital temperature measurements using a single data line. Continuous
monitoring of temperature helps detect overheating conditions caused by excessive load, friction,
or insulation degradation.

Electrical behavior of the motor is monitored using a current sensor, which measures the current
drawn by the motor during operation. Since the Raspberry Pi does not support analog inputs
directly, the current sensor output is connected to an MCP3008 analog-to-digital converter
(ADC). The MCP3008 converts analog current signals into digital data that can be processed by
the Raspberry Pi through the SPI communication interface. The sensors are physically attached
to the motor body to capture real-time operational data. The vibration sensor is mounted on the
motor housing to detect mechanical vibrations, while the temperature sensor is placed on the motor
surface to measure thermal variations. The current sensor is connected in series with the motor
power line to measure electrical current flow.
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All sensor data is transmitted to the Raspberry Pi where it undergoes preprocessing and feature
extraction. The processed information is then used to detect abnormal operating conditions and
transmit relevant data to the cloud platform for visualization and monitoring. Overall, the hardware
architecture integrates multi-sensor monitoring, edge computing, and 0T connectivity to
create a reliable predictive maintenance system capable of detecting early motor faults and
preventing unexpected equipment failures.

V1. Result and Discussion

To evaluate the performance of the proposed loT-based predictive maintenance system, several
experiments were conducted using an industrial motor setup integrated with vibration,
temperature, and current sensors. The objective of the experiments was to verify the ability of the
system to monitor motor health parameters in real time and detect abnormal operating conditions.
The system continuously collected sensor data through the Raspberry Pi edge device and
transmitted processed information to the cloud dashboard for visualization. Experiments were
performed under different operating conditions including normal motor operation, increased load
conditions, and simulated fault scenarios such as excessive vibration and overheating. The
collected data was analysed to observe variations in vibration levels, motor temperature, and
electrical current consumption.

Table 1: Sensor Measurements under Different Operating Conditions

Condition Vibration RMS (g) | Temperature (°C) | Current (A) | System Status
Normal Operation 0.42 38 2.1 Normal
Moderate Load 0.55 44 2.8 Normal
Heavy Load 0.71 52 3.6 Warning
Bearing Fault (Simulated) | 1.25 55 3.8 Fault Detected
Overheating Condition 0.65 72 3.1 Fault Detected
Electrical Imbalance 0.58 49 4.3 Fault Detected

Table 1 presents the sensor measurements collected from the motor under different operating
conditions. During normal operation, vibration levels, temperature, and current remained within
acceptable thresholds, and the system reported a normal status. When the load on the motor
increased, the vibration and current values increased gradually but remained within safe operating
limits.

In the simulated fault conditions, abnormal values were observed. For example, the bearing fault
condition resulted in significantly higher vibration levels, while overheating caused the motor
temperature to rise above the predefined safety threshold. The system successfully detected these
abnormal conditions and generated fault alerts.

Table 2: Fault Detection Performance of the Proposed System

Fault Type Detected Threshold Measured Detection
Parameter Value Value Result
Bearing Fault Vibration >1.0g¢ 1.25¢g Detected
Rotor Imbalance | Vibration >09¢ 1.05¢g Detected
Overheating Temperature > 65°C 72°C Detected
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Electrical Current >4 A 43 A Detected
Overload
Normal Condition | All parameters Within limits Normal values | No Fault

Table 2 shows the fault detection performance of the proposed monitoring system. The system
evaluates sensor readings using predefined threshold values and identifies abnormal conditions
accordingly. When sensor values exceed their respective thresholds, the system classifies the
condition as a fault.

The results demonstrate that the system successfully detects multiple types of faults including
mechanical faults (bearing damage and rotor imbalance), thermal faults (overheating), and
electrical faults (current overload). The detection mechanism provides timely alerts that allow
maintenance personnel to take preventive action.

Table 3: System Performance Metrics

Parameter Value
Sensor Sampling Rate 1 second
Cloud Update Interval 10 seconds
Fault Detection Response Time | < 2 seconds
Data Transmission Delay 1-2 seconds
System Accuracy 94.5%
System Reliability High

Table 3 summarizes the performance metrics of the proposed predictive maintenance system. The
system demonstrates fast response times with fault detection occurring within approximately two
seconds after abnormal sensor readings are detected. Data transmission to the cloud platform
occurs within a delay of one to two seconds, allowing near real-time monitoring.

The overall system achieved a fault detection accuracy of approximately 94.5% during
experimental testing. The integration of edge processing and cloud monitoring ensures efficient
system operation and reliable performance.

Result Discussion

The experimental results confirm that the proposed IoT-based predictive maintenance system is
capable of effectively monitoring industrial motor health parameters. The integration of multi-
sensor monitoring enables the system to detect both mechanical and electrical faults. The edge
computing capability of the Raspberry Pi allows rapid fault detection without relying solely on
cloud processing.

Furthermore, cloud-based visualization provides real-time monitoring dashboards that allow
maintenance personnel to observe motor performance remotely. The automated alert mechanism
ensures that abnormal conditions are detected promptly, enabling predictive maintenance and
reducing unexpected equipment failures.

VII.  Conclusion

The proposed loT-based predictive maintenance system for the monitoring of industrial motors
has successfully integrated the concepts of multi-sensor data acquisition systems, edge computing
technologies, and cloud monitoring to effectively detect abnormal operating conditions for the
motor. Using the sensors for vibration, temperature, and current measurement with the Raspberry
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Pi system, the proposed system effectively monitors the motor's operating conditions and detects
any potential faulty situations that may occur due to overheating, excessive vibration, or electrical
overload. The experimental results prove the reliability of the proposed system with a faster
response time for the effective detection of faulty situations.
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