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Abstract 

Electrical Machines are heavily used in industry today as they form an integral part of the 

production. In the occurrence of a breakdown, processing and production are delayed hence 

the importance of motor condition monitoring. Unfortunately, manual condition monitoring 

techniques are not entirely reliable. IoT  emergence proves to be reliable and decreases 

downtime in the daily use of the induction motor. In this project, an IoT platform is built 

using Bluetooth technology, temperature, current, voltage and accelerometer sensors for 

data collection, storing data on the cloud and building a machine learning model to predict 

faults based on prevalent faults diagnosis techniques on induction. 
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1. Chapter 1: Introduction 

Electrical motors are an integral part of industrial functions. Condition monitoring of 

electrical motors is an essential part of maintaining the constant healthy state of the motors. 

It involves monitoring parameters of vibration, motor's temperature and current 

consumption to identify significant changes that indicate a developing fault. Using this 

technique helps to prevent failure by taking necessary actions. Condition monitoring 

techniques have improved over the years. Internet of Things(IoT) technologies have a 

tremendous impact and involvement in this sphere through data collection and storage with 

Machine learning advantages of predictive analysis in time series. Thus, Condition 

Monitoring today heavily involves predictive maintenance. 

1.1.   Background  

It is reported that faults in induction motors include bearing defects of 42%, stator defects 

of 28%, rotor defects of 8% and others of 22% [1]. Electric motors are electromechanical 

machines used to convert electrical energy to mechanical energy. The two types of motors, 

AC and DC, work on magnetic and electric fields. Their working principles combined with 

the mechanical interactions gradually generates some form of faults. Induction motors are 

undoubtedly reliable, robust, simple to construct; thus, the possibility of failure cannot be 

ignored. It can be inferred from Fig.1.1 [25] that induction motor faults can be classified 

into electrical and mechanical faults. Stator, bearing, and rotor faults are highly classified. 

Early detection of failures is critical for industrial purposes as these faults, when they occur, 

delay the production cycle until corrected. Early detection involves the condition monitoring 

process of electrical motors [2]. A few monitoring techniques are available, such as 

Ultrasound Testing, Lubricant Analysis, Vibration Analysis, and Thermography. 
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Figure 1.1 Classification of Induction Motor Faults 

IoT provides a remedy where real-time analysis of various parameter measurements 

occurs to improve systems and increase detection and perform predictive maintenance. The 

Internet of Things (IoT) is a network of interconnected computing devices, events, and 

individuals with unique identifiers and the capacity to exchange data without involving 

human-to-human or human-to-computer contact [3]. IoT is a sensor network of billions of 

intelligent devices that connect people, systems, and other applications to collect and share 

data. An IoT framework comprises web-enabled intelligent devices that capture, transmit, 

and function on data from their surroundings using embedded processors, sensors, and 

communication hardware. [4]. IoT system for health monitoring system for electrical motors 

(induction motors) considers popular condition parameters such as vibration, thermal 

profiles and running parameters like speed and acceleration. An accelerometer for 

measuring vibration data is attached to bearing points as bearings often operate under time-

varying rotational speed conditions. Current sensors measure the amount of current and 

voltage running through the load to determine common electrical faults like unbalanced 

voltage supply, locked rotor, over-voltage, and a locked rotor faults [5]. Researchers used 

thermocouples to measure the temperatures of the bearings as high temperatures than 

allowed is a reaction to an underlying problem from either loss of lubrication or bearing 

defect [6]. Similar temperature measurements were obtained from the rotor and stator to 

help identify electrical faults from the winding.  



3 
 

1.2.  Problem Statement 

Industries or residential settings that use electrical motors look for ways to monitor these 

devices with few in-person check-ups. For instance, Ashesi University has motors with 

impellers located at vantage points on the school's premises and hostels used to control water 

flow. Hostel and Campus Managers usually check these pumps daily to ensure they are 

working well. They also have other duties to attend; hence the opportunity cost of this is 

that the time spent on monitoring and predictions could be used on essential businesses. 

Hostel Managers also have a PC/Work-station at their disposal, which with the appropriate 

additions could have been used to monitor the state of the machines. Using an IoT-based 

system to monitor motors automatically goes a long way in [2]: 

 Reducing the cost of maintenance 

 Predicting the equipment failure 

 Improving equipment and component reliability 

 Optimizing the equipment performance 

 Improving the accuracy in failure prediction 

 Preventing downtime if detected early.  

 Guiding servicing and how much grease is applied to the motor. 

1.3. Project Objectives 

2. To design an affordable IoT system for data collection, storage and analysis of 

induction motor parameters. 

3. To determine predictive approaches to extend the life and good health of electrical 

motors. 

4. To build a real-time monitoring system for users of the platform to monitor motor 

parameter and conditions. 
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5. Use Machine Learning Algorithms for predictive analysis of common induction 

motor faults as part of predictive maintenance of condition monitoring. 
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2. Chapter 2: Literature Review 

Condition Monitoring is an essential process in the full utilization of an electrical 

machine or motor. Health monitoring of a motor has been traditionally done by checking 

temperatures, allowing cooldowns, checking loose bolts and bearings until automation, data 

collection and analysis were applied efficiently by introducing the Internet of Things (IoT). 

Many authors and engineers have thought of creating an IoT embedded platform to support 

condition monitoring. This process reduces maintenance cost, helps predict equipment 

failure, improves equipment reliability, optimizes equipment performance, and improves 

accuracy in failure prediction. The Literature review explores possible motor faults and their 

various ways of monitoring the health of electrical motors. 

2.1.  Motor Faults  

For induction motors, faults can be classified into mechanical or electrical faults. The 

significant faults include bearing and gearbox failures, stator faults, broken rotor bar, static 

and dynamic air gap regularities, bent shaft and others. All these faults require a monitoring 

technique. Continuous stress on the bearing results in fatigue failure at the inner or outer 

races of the bearings. Failure is accompanied by increased levels of noise, corrosion, 

inadequate lubrication, and others. Another critical cause of bearing failure is temperature; 

thus, the temperature should not exceed a threshold value [2]. Stator defects make up 28% 

of all defects, and they mainly occur due to inter-turn winding faults caused by insulation 

breakdown. The unbalanced magnetic field causes excessive vibration causing premature 

bearing failures. Rotor defects are caused mainly by rotor winding. Here, rotor bars are 

broken; hence a pulsating effect results in fluctuation of speed, torque pulsation, vibration, 

overheating, arcing in the rotor and damaged rotor laminations [2].  It is essential to note 

how each fault occurs, the parameter measurements associated with each fault breakdown 

and the required modes of repair and maintenance.  
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2.2.  Condition Monitoring Techniques  

Condition Monitoring techniques include thermal monitoring, magnetic flux monitoring, 

vibration monitoring, partial discharge monitoring, air gap monitoring, noise monitoring, 

stator voltage monitoring and current monitoring. Thermal monitoring is done by measuring 

temperature stages which can be used for bearing and stator fault detections. Vibration 

monitoring, a prevalent method, is used to detect bearing failures and other mechanical 

faults with an accelerometer. Noise and vibration from electrical machines are monitored 

against standards like the ISO 10816 [6] to detect faults of this nature. The traditional 

methods of monitoring take much time and increase the cost of operation. Sometimes, 

predictions might be wrong or too late, which leads us to the concept of IoT based health 

monitoring systems with Machine Learning [2]. 

2.3.  IoT Involvement 

Many researchers have introduced IoT into condition monitoring processes. This method 

is cost-effective, provides enough data for the analysis and detection of faults in real-time. 

Khan et al. [2] have proposed step by step process of IoT machine monitoring approaches. 

It sought to measure parameters such as vibration, electric current and temperature using 

their various sensors (accelerator, current sensor, and thermocouple) to predict any 

functional abnormality to the timely performance of an Induction motor. Signal acquired is 

transmitted over GSM or Wi-Fi protocols for easy access globally. Gounder et al. [7] also 

proposed similar models but slight differences in the components and sensors. They all used 

IoT methods to store data using cloud storage capabilities. Ganga et al. [8] have gone further 

to test other means of transmitting data across the protocols and making it accessible using 

RESTful HTTP, XMPP, DDS and AMQP, which follow specified format or mode of 

communication. It also receives data from different locations via cloud services and uses 

data for various analysis, such as monitoring power consumption levels. Since IoT involves 
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the use of sensors in data collection, sensor placement is a technique that should not be 

ignored in the process. Placing the suitable sensor at appropriate points on the motor logs 

very accurate values in the system and reduces false-positive results. Acceleration or speed 

parameters need to log at the 3-axial directions shown in Figure2.1 to obtain data for 

accurate analysis [9].  Temperature loggings are best diagnosed alongside the bearings and 

rotors. 

 

Figure 2.1 Sensor placement technique for induction motors 

2.4.  Design Choices 
The type of sensors to select is based on the kind of data to be analyzed. The accuracy of 

the sensor is essential to avoid errors. Easy installation and calibration are also crucial for 

this system. Most researchers used the LM35 temperature sensor, the ACS712 hall effect 

sensor for voltage and current and the accelerometer for vibration analysis. Several 

considerations involving the design of the sensor platform include the microcontroller point 

and where the data has been sent. Some researchers used the Arduino development board 
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and a gateway for collecting and sending data to the cloud. Most researchers focused on the 

use of open-source web applications for their designs. Most of the open-source software 

allows limited functionality. For instance, open-source web applications do no allow plots 

of heatmaps or thermal profiles of an induction motor except monitoring the values and 

levels of rising and fall. Other researchers built an attachment for alerting based on threshold 

limits [7]. The choice of monitoring software and storage options should consider the 

project's objectives and the volume of data to be collected. Data types and data sizes 

determine the amount of storage space and processing time, and test runs help to produce 

very effective and efficient programs [7],[8],[10],[11].  

2.5.  Data Analytics and Time Series Analysis  
Time series analysis is a technique that statistically deals with data on the same scale 

indexed by a time-like parameter [12]. The four main types of data analysis results are; 

descriptive, diagnostic, predictive, and prescriptive. Descriptive data analysis tells what is 

happening, either now or in the past. This part focuses more on understanding the type of 

data collected. From a descriptive data analysis point of view, data can be pulled and 

analyzed at any point. Diagnostic data analysis tells the user why something happens. The 

predictive analysis aims to foretell problems or issues before they occur. The prescriptive 

analysis goes beyond predictive and recommends solutions for future problems [13]  

The first part of this project aims at designing an IoT platform for collecting data and 

storing it in a cloud database using the RESTful HTTP protocol, which is later retrieved for 

monitoring on a dashboard. The second part of this project also deals with retrieving data 

from the database and producing predictive analysis based on common induction faults 

integrated into the system to identify the near occurrence quickly. This project uses Time 

Series Analysis and machine learning models to predict seasonal trends in the vibration of 

machines.  
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2.6.  Gaps Identified.  

 Very few machine learning algorithms have been used in the IoT sphere with 

traditional Fourier Transforms for analysis 

 Few IoT platform proposals aim at predictive maintenance  

2.7.  Conclusion  
Using IoT for condition monitoring has proven effective with the appropriate additions, 

and the review provides significant insights in building the system. The following chapters 

explore the system's requirements, propose a solution, design the proposed model, 

experiments and analyze results. It also requires the creation of a simple dashboard for the 

users of the system. 
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3. Chapter 3: Requirements 
The requirement stage is crucial to understanding the necessities for building the system. 

Generally, the project aims to design a system that can collect data, process and store the 

data, and access data for monitoring. It also seeks to help users identify the faults and 

practice predictive maintenance.          

 

Figure 3.1 Block diagram showing IoT System Interactions 

The block diagram above specifies the process of the IoT model. Vibration, Thermal, 

and Power parameters are analyzed for condition monitoring; hence, temperature, 

acceleration, current, and voltage is collected using appropriate sensors. These sensors are 

attached to the bearing, stator, and rotor parts of the induction motor as they produce more 

significant percentages of most motor faults.  The data is collected by the gateway and sent 

to the cloud via wireless means, and the end-user views readings from their computer and 
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make appropriate conclusions. An algorithm will be embedded in the dashboard or gateway 

to predict common motor faults.  

3.1.  System Requirements and Architecture 

 The system should read data from sensors frequently to reduce pressure on 

connectivity and gateway options. 

 The system should have a temperature sensor with a small-time constant that gives 

an accurate reading of every sample. The temperature sensor should be placed on 

bearings, stator, and rotor to read temperatures from those parts of the system. 

 The system should have a vibration sensor that can read vibration values in the 

required axis of placement, as seen in the diagrams below. The accelerometer should 

mostly be placed on bearing points for accurate results [6]. 

 Current readings should be logged into the system. 

 The system gateway should collect sensor readings and connect to the cloud. 

 The system sensor platform should be easy to attach to the motor, and the platform 

should be portable. 

 The system should be able to collect sensor readings from different motors. 

 Web monitoring should be designed for users. 

 Cloud storage options should be considered in the design, so storage space is not a 

problem. 

 Users should find it easy to tell faults with alerts integrated based on the machine 

learning model. 
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4. Chapter 4: Design and Implementation 

4.1.  Design 
The project design process can be grouped into hardware design and software 

design. 

 

4.1.1. Hardware Design 
Hardware Design includes the sensor platform and circuitry needed for collecting data 

and passing it to the gateway, which is grouped into three parts: Sensor selection, 

Microcontroller selection and Connectivity options. 

4.1.1.1.  Sensor selection  
According to requirements, the system should be lightweight and inexpensive. 

Simultaneously, features worth measuring on induction motors include temperature for 

thermal profile analysis, current and voltage levels of the induction motor and internal 

acceleration for vibration analysis.   

a. Thermistors (Figure 4.1 (a)) are thermally sensitive resistors that show a significant, 

consistent, and specific change in electrical resistance in response to a change in 

temperature. They have a long-term stability of 0.0009°C. They exhibit a temperature 

range of 50°C given a base temperature and is very cheap to afford and replace. They 

have a time constant of about 6-14 seconds and are highly sensitive compared to 

LM35. The LM35 is a temperature sensor that takes analogue readings. It has a 

temperature range of -40°C to 100°C in its production. It also has a 1-3 second time 

constant and 0.01°C stability. Its linear performance makes it very simple to use, but 

it is moderately costly compared to thermistors. Thermistors usually are the best for 

measuring single point temperature, very durable, and minimal. Unfortunately, they 

have a non-linear output with a slow response time [14]. In this project, the thermistor 

is chosen to log temperature readings because of its long-term stability and accuracy. 
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Readings will be logged every 10 seconds hence the time constant of change has little 

effect on the accuracy of the reading. 

b. Accelerometer: MPU6050 in Figure 4.1(b) is a Micro-Electro-Mechanical System 

that operates on the 3-axis accelerometer and 3-axis gyroscope principle. It is used to 

measure acceleration in this case. It can also measure temperature, which is helpful 

for analysis. The sensor is used for measuring motor vibration; hence, the gyroscope 

capability is not needed. It is moderately cheap and easy to get [15].  

c. ACS712 current sensor: The current sensor in Figure 4.1 (c) operates from 5V and 

provides an output analogue voltage proportional to the current. It can read currents 

for loads operating at high voltages like 230V AC. It has a 100mV/A output 

sensitivity and is connected to the stator mostly to read results and detect faults [16]. 

d. AMG8833 Infrared Camera: For modification and contactless design, the 

AMG8833 IR Camera in Figure 4.1 (d) is a sensor that works on the principle of 

infrared thermography. It takes in the thermal profiles of an object and provides 

temperature and pixel correspondence for plotting out the image. For heatmap 

processing, the higher the temperature, the brighter the colour [17]. This IR camera 

model only shows an eight eight-pixel plotting and may not fully show images as 

wanted. It has a 60° range of vision capture. Capturing thermal profiles with an IR 

camera aids the thermography process and helps to identify faults on an induction 

motor quickly. Machine learning image classifications may help to identify faults in 

the motor.  
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Figure 4.1 Summary of sensors and justification (a)Thermistor (b) MPU6050 Accelerometer (c) 
ACS712 current sensor (d) IR Camera (e) Heat Map Sample. 

 

4.1.1.2. Microcontroller Choice 
The microcontroller unit considered is the Atmgea328P chip shown in Figure 4.2 that 

readily interfaces with the sensors described earlier. It is a low consumption 8-bit AVR and 

has very high performance achieving high single clock cycle execution of 131 instructions 

[18].  The considerations for selecting the best microprocessor are the size of the chip and 

the number of pinout options available to connect all the sensors and peripherals for 

connectivity options. It is also minimal and lightweight. 

  

Figure 4.2 ATmega328P Microchip 

4.1.1.3. Connectivity Options 
 

An IoT platform on collecting sensors readings requires a storage option. In designing, 

one of the system's requirements is to collect all readings from all motors under monitoring. 

One can connect to the cloud only via the internet; hence the Wi-Fi module is an excellent 
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choice for connecting our platform to the cloud. The ESP8266 Wi-Fi module (Figure 4.3 

(a)) has a range of about 100m strong connection; hence is suitable for end-users whose 

motors are not located in the same place of a range of 100m. It has a speed transfer rate of 

about 7Mbps. The Wi-Fi module needs a power source to operate and consumes so much 

power. Unfortunately, a Wi-Fi module for ten induction motors each is quite expensive. 

Another option considered is the Bluetooth Module. The HC-05 module has an ideal 

range of 10m. It has a transfer rate of about 1Mbps with a goodput of about 720Kbps. Data 

to be transferred from the sensors include float data types of three temperature values, three 

acceleration values, current and voltage values, and an array of sixty-four pixels. If data is 

to be read every 10-15s and a float data type has 4 bytes (32 bits), data to be logged is about 

230bps suitable for an HC-05 BLE module. Unfortunately, Bluetooth cannot connect 

directly to the cloud and considering that the design holds for more motors to be monitored, 

a gateway system would be required [19], [20].  

 

Figure 4.3 Summary of connectivity options (a) HC-05 Bluetooth Module (b) ESP8266 Wi-Fi 
Module 

The requirement for a cluster of motors is very crucial in this project. It is very costly to 

provide a Wi-Fi module for all the motors; hence Bluetooth connectivity to a gateway is the 

selected option for the system.  
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4.1.2.  Gateway Choice 
The gateway choice includes the ability to connect several Bluetooth networks links 

simultaneously. It should also have Wi-Fi/Ethernet properties and a constant source of 

power and cloud connectivity. The Raspberry Pi Model 4 has most of the properties already 

mentioned. Its latest models from 3B+ have Bluetooth/Wi-Fi properties and do not need 

extra physical connections for activation. 

 

Figure 4.4 Raspberry Pi as Gateway 

4.2.  Final Design 
The Final Design for the physical build includes three design choices: Sensor Node 

Design and the gateway. Consideration for the data types, size and volume, and the variety 

of the data gave a final flow and design for the system. Data is sampled every 10-15s for the 

test run to read all design faults and trends accurately.   
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4.2.1.  Circuit Design 

 

Figure 4.5 Sensor circuit 

 

The diagram in Figure 4.5 is a circuit showing a design of sensor connections to the 

Atmega328P. The sensors are connected to the analogue pins of the MCU. The circuit also 

has the blue tooth module attached to the RX and TX of the pin. The circuitry also has an 

FTDI chip with a USB connector designed to allow easy programming to the 

microcontroller. This circuit is designed to read the temperature, current and vibration from 

the motor.  

4.3.  Software Design  

Software design requires programming the Raspberry Pi or Gateway functionality. It also 

involves selecting the suitable transfer protocol for the system. The HTTP protocol for 

python interactions on the Raspberry Pi was employed for the Software Design. A server 

script is run to connect a Bluetooth serial and allow TCP/IP HTTP posts to the database that 

has already been created. 
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4.3.1.  MCU Software 

The Arduino based system runs a program written in the Arduino IDE. It imports all 

the libraries needed for the sensors to run in the IDE. First, the microcontroller unit is boot 

loaded using the Arduino IDE system to set it up. The program is then loaded on the 

ATmega Chip through the FTDI connections or the SPI functions of the board. It collects 

the readings and stores them as a JSON, which is serialized so the system's serial port or the 

Bluetooth device can transfer as one piece. The Bluetooth device connects to the gateway 

over the same baud rate. It is essential to ensure gateway and serial baud rate are the same. 

4.3.2.  Gateway Software 

Raspberry Pi requires installing all the packages for Bluetooth activation, including the 

Blueman package. A python script is needed to connect to the serial port of the ATmega-

based MCU, where a serialized JSON form is received. The byte message is decoded using 

the proper encoding techniques required for the version of Python installed. The decoded 

message is then deserialized, and a function is called to connect to the PostgresSQL database 

and insert it into the database. A copy of the script is found in Appendix A. 

4.4.  Database Design 

The database design is a relational database for collecting information on the Machines. 

For this project, the PostgresSQL database is used because of the ease of storing arrays. It 

stores temperature, current, voltage, and an array of pixels from the AMG8833 IR camera 

and the time of collection. It also has admin details for access and monitoring. It also has 

letter rating information for each machine under observation.  
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Figure 4.6 Database Interactions 

4.5. Dashboard Application Design 

The Dashboard design is purely based on Python as it makes the flow between the gateway, 

database, and user console very smooth. The dashboard is built with an Anvil framework 

that relies purely on Python. It allows the user to view loggings on vibration velocity (Vrms), 

temperature and heatmap of the system. It also shows power consumption parameters used 

for machine learning classification. The essential requirement of the dashboard is to monitor 

the motor conditions in real-time and make fault inferences from it. 
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Figure 4.7 Landing page with cards to show summary of current motor under analysis 

The figure above shows four different cards. The first contains a dropdown button that 

allows you to select the motor to observe. Upon selection, the other three cards show the 

temperature, current and voltage values, respectively.  The follow-up diagrams give a brief 

of other functionalities to expect in the dashboard design. 

 

Figure 4.8 Vibration Velocity against time of 3-axis direction 
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Figure 4.9 Temperature graph  

 

 

Figure 4.10 Heatmap showing points of high heat 

4.6. Machine Learning Predictive Approach 

For this project, a machine learning approach towards fault diagnosis and prediction is 

employed to make the platform more accessible. Based on different machine faults, as 

explained above, a time series prediction approach is used. The algorithm combines 

different models on time series forecasting and multinomial classification methods to 
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identify faults that are likely to happen.  The diagram in Figure 4.11 explains the machine 

learning algorithm process.  

 

Figure 4.11 Machine Learning Proposed Approach 

First, it runs the transformed vibration velocity signal through the statsmodel library in 

machine learning forecasting to predict the following few sets of vibration points [5]. It 

compares the expected values to the ISO 10816 vibration velocity severity norm [6], built 

on Support Vector Machine (SVM), and returns the severity rating. [21]. The statsmodel 

library has saved models for running any machine learning programme. In this project, the 

ARIMA/SARIMAX library will be called to predict values. A follow-up classification is 
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requested based on the current and voltage predictions of the 3-phase motor and produces a 

type of fault. 
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5. Chapter 5: Design Testing and Results 

This section covers all the test cases and their outcomes, precision, and features. It 

describes how data was acquired, the design of experiments, the accuracy of data collected, 

machine learning proposals on fault diagnosis and predictions, and each experiment's 

results. 

5.1.   Data Acquisition  and Data Sources 

The system is tested on a 3-phase induction motor located at the checkpoint of Ashesi 

University to ensure that the design system was working without issues and to sample 

some data for analysis. The motor had a cooling fan; hence temperatures recorded were 

within a specific range and not high. The motor's rating is as follows:  

Table 1 showing the letter rating of the test motor 

Type  100L-2 

Phase 3 

Rated Voltage 380 V 

Rated full-load Amperage 6.31 A 

Frequency  50 Hz 

Weight 24 kg 

Power 3kW 

Speed 2680r/min 

INS.Class  F 

Due to restrictions on interfering with wiring, the ACS712 current sensor was not 

attached to the motor the motor run from 12:30 PM to pump water to the school. 

Acceleration and temperature values were recorded and saved into the cloud database. 

Sensor values were logged every 10s. To ensure that the expected temperature value is 

known, a multimeter is used to obtain a reading average of  37.8°, 34° and 35.6° on different 

instances at stability. 
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Figure 5.1 Caption of Data Collection 

The accelerometer was placed face down and to the hottest part of the motor found, 

which is the terminal box, because the motor already had a cooling system. The thermistor 

was also attached to the other side of the terminal box, and the infrared camera was placed 

a little outward facing the terminal box at about 30cm, as shown in Figure 5.1.  It is 

important to remember that the camera specification only captures within 60° of placement. 

This placement method ensures that data collection and conditions are similar for accurate 

analysis, as discussed earlier. 
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Figure 5.2 Capture of System Logging Values 

5.2. Results  

The data collected is stored in the PostgreSQL database. 

a. Accelerometer: Vibration values were read in units of m/s2. The accelerometer is a 

triaxial one and takes measurements in three directions. A negative measure 

indicates movement in the opposite direction of the axis. The sensor placed 

downwards means a state of 0g, 1g and 0g in the x, y and z directions. The MPU6050 

sensor also has the capabilities of reading temperature values; thus, temperature 

readings were also logged from the accelerometer for analysis. Time of logging is 

also recorded in the database from vibration analysis to be done. When the circuitry 

is restarted, initial values of temperature read negative or zero with spikes in the 

accelerometer, which primarily affects the mean values logged. 

b. Thermistor: The thermistor reading showed a varying difference from the 

accelerometer readings by some 3°C which may be due to the placement of the 

thermistor or poor connections to the leads of its jumper wires. A start in the system 

logged negative readings as in the case of the accelerometer. 
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c. The Infrared Camera from observation logged entirely accurate values. In cases of 

forced start, the pixels returned a zero reading, but the system's temperature is 

accurately read reads averagely 38°C.  

5.3.  Statistical Test on Temperature Values 

With the temperatures, it is necessary to analyze the variations between them to make the 

best predictions as, especially, the infrared camera takes temperature readings without 

contact. A summary and boxplot to analyze the data distribution are shown in Table 2 and 

Figure 5.3, respectively. 

Table 2 Temperature Data Descriptions 

 

 

 

Figure 5.3 Boxplot showing temperature distribution from different sensors. 
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An ANOVA analysis test for significance in the mean using Ordinary Least Squares (OLS) 

regression model results from p = 2.1726598040461474e-08. The p-value shows a statistical 

difference in the mean values of the three sets of data. 

 

Figure 5.4 Ordinary Least Squares (OLS) results 

With that, a post-hoc analysis (Tukey-HSD) is conducted to find out exactly where the 

difference is. Table 3 shows a statistical difference between all groupings except 

between the accelerometer temperature and the camera temperature. This means the 

accelerometer and IR camera gave very close readings and show high precision 

compared to the known temperature value of 38°C. 

Table 3 Tukey's honestly significantly differenced (HSD) test 

 

The Shapiro-Wilk test is then used to check the test statistics, which returned from 

p=3.3667967366824627e-34, which shows that the data is not drawn from a normal 

distribution; hence each one cannot be used to substitute the other.  By observation, data 

from the accelerometer temperatures and the camera lack a wide distribution. 

Temperature readings from the thermistor have a wide distribution and cannot be relied 

on to make tests inferences on the induction motor.  
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5.4. Fault Diagnosis Based Current and Voltage Parameters 

Due to the inability to collect current and voltage data on the motor described above, 

a sample data collected for Artificial Neural Network (ANN) is used for the current 

analysis. This fault diagnosis journal provides data on diagnosing seven classes of faults, 

including overload, ground fault, locked rotor, single phasing, over-voltage, under-

voltage, and unbalanced supply voltage [5]. The sample data contains voltage and 

current values sampled for three different sets of each parameter.  A glimpse of the 

database is seen in Table 4: 

Table 4 Sample Data for time series forecasting 

 

 

Figure 5.5 Histogram plots of all 6 dimensions 
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The six columns of data in Table 4  represent the voltages and currents received from 

the 3-phase line of the motor used for the experiments. The fault diagnosis is based on 

a simple Support Vector Machine (SVM) in Python. SVM is a supervised machine 

learning model suitable for classification and regression [21]. Data points are plotted in 

n-dimensional space with the feature values in a specific coordinate followed by 

classification by finding the hyper-plane to differentiate the classes. The target feature 

classification includes the seven faults listed above. The accuracy of this classification 

method returned 100% for a test size of 30/150 as seen in Figure 5.6, which means the 

classification aspect of our proposed model is accurate enough to classify the current 

and voltage distributions coming into a signal.  

 

Figure 5.6 Confusion Matrix to visualize accuracy of the model 

It is vital to note that the current and voltage values are not from the motor sample 

described earlier but is data sourced online only to prove the proposed machine learning 

approach [23]. 

5.5.  Time Series Analysis of the Accelerometer readings 

The proposed machine learning predictive maintenance approach requires that the 

vibration signal is predicted in time series, and the resulting prediction is classified under 
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the ISO 10816 standard [6]. The various standards for vibration monitoring and 

induction motor condition monitoring classify severity using the Velocity of the signal 

in in/s or mm/s. Velocity against time graph represents the acceleration of the system. 

A graph of the Vibration Velocity (Vrms) against the x-direction of the three signals 

captured is shown in Figure 5.7.

Figure 5.7 Graph of Vrms of the x-direction against time

The time series algorithm uses the stats models library to produce a forward time 

graph [24]. The model grows by first getting the Moving Average (MA). It then uses an 

exponential smoothing formula to get a model value between the current and previous 

model values. Smoothing options are explored to obtain the best model for the time 

graph, and then time-series cross-validation is introduced. This is also achieved by trying 

to catch various anomalies in the system using the HoltWinters approach.



32

Figure 5.8 The graph of the model and the actual values

Figure 5.9 The graph of the model, actual and the anomalies with the confidence intervals

The graphs in Figure 5.8 and 5.9 show the model graph and the actual graph values to 

predict the following twenty. Then stationarity is checked using the Dickey-Fuller test. 

A stationary signal does not change its statistical properties (mean and variance) over 

time [24]; hence, the preferred choice is a stationary signal for time series analysis. The 

test returned a p-value of 0.081 at 1, which signifies non-stationarity in the system. 

The non-stationarity was removed by shifting using seasonality of the data viewed in 

ACF and PACF, leading to building SARIMA.
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Figure 5.10 Initial graph with p-value=0.081 showing non-stationarity

Figure 5.11 Graph showing removal of non-stationarity.

Due to the SARIMAX model, including seasonality, the resulting response is 

shown and returns accurate PACF and ACF plots. We can confidently move on to 

forecast and give predictions [24]. The statistics show obtaining accurately predicted 

signal values classified against ISO standards to show the fault in the system and its 

severity level.



34

Figure 5.12 Graph showing removal of non-stationarity.

Figure 5.13 Graph showing removal of non-stationarity

5.6. Severity Classifier

The severity classifier uses the same classifier function as the fault classifier. ISO 10816 

severity classifier is shown in the figure below.
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Figure 5.14 (a)ISO 10816 Severity Chart (b) Heatmap of Severity Classifier. 

The chart in Figure 5.14 shows that severity levels are also based on the Class 

provisions provided by the standard. The sample motor used for the experiment is a Class 

1 motor. The classifier predicts the severity of the signals moves on to classify current 

and voltage options entering the system at that instant. Sample classification into the 

good, satisfactory, unsatisfactory and alarm or unacceptable states gives an accuracy of 

98.75%, as displayed in the heat map above [23]. 

5.7.  Heatmap Capture 

The AMG8833 IR Camera is an eight by eight camera that captures the thermal profiles 

of objects.  It can capture within 60° of spread, as mentioned earlier. Figure 5.15 shows 

different placement angles of the motor terminal from which most readings were captured. 

The first row shows different tests of obtaining the right angle and distance from the object. 

It is noted that a design for this purpose should consider the distance of placement or 

attachment and cannot be attached to the sensor board as one whole unit. An enclosure 

design is therefore needed for exclusive use. Another observation is that the pixel size does 

not give high visibility but only a quick outline of high-temperature observations. Figure 

4.1(e)  is an image obtained from several motor images captured for fault diagnosis via 

Image Classification [25]. It is observed that the image provides a more apparent thermal 
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profile compared to the heatmap diagram in Figure 5.15, so higher pixel options can be 

explored. 

 

Figure 5.15 Heatmap observations from IR Camera 
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6. Chapter 6: Conclusion 

Integrating the concept of IoT into condition monitoring techniques made the process 

easier. There is available data for analysis and prediction towards predictive maintenance 

technique in Condition Monitoring. In this project, a set of sensors was used to collect data 

from the machine based on everyday parameter interactions from the motor, such as bearing 

vibration, temperature, current and voltage consumption, and a circuit to collect data from 

the source. The data was transferred serially to the Raspberry Pi, which is the gateway. The 

Raspberry pi has a dual Bluetooth and Wi-Fi functionality that allows interaction with the 

internet. The deserialized data was stored in the cloud database, where the user gets access 

to the data on the dashboard.  A machine learning approach was introduced for fault 

diagnosis easier and to aid the predictive maintenance process.  The IoT system was 

designed to replace expensive processes and platforms available on the market. The system 

can measure temperature, current and voltage effectively. The dashboard shows all 

parameters needed to monitor the computer over the internet effectively. This project 

proposed an IoT-based design for Condition Monitoring and proposed a Machine Learning 

approach to aid the process using time series analysis and logistic regression to classify 

faults. Data collection and logging was successful, and data can be retrieved from the 

database.  

6.1.  Limitations  and Future Work  

1. Due to constraints associated with the data collection process, the machine learning 

approach was not thoroughly tested on integration with the gateway for effective 

real-time monitoring. Data acquired from cited sources could only be compared in 

conditions and may not show the actual output of the test motor in the experiment. 

2. Enclosure options could not be explored for the project and could further be 

explored. 
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3. IR Camera only provides thermal profile in thin outlines; hence the visibility of 

faults could not be explored at maximum. 

4. Data gathered did not cover over 24 hours of seasonal working of the motor. 

5. The design system should include an enclosure for the circuit design for attachment 

to the testbed. 

6. Data can be gathered over an extended to produce higher accuracy of prediction 

results.  

7. A major update is needed on the dashboard to run a real-time analysis while data is 

being logged.    
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8. Appendix A 
a. Import all packages and module libraries 

 

b. Write a function to connect to the database 

 

 

c. Write necessary functions for conversion of JSON, array and string data types 
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d. Connect to Bluetooth serial and read data from the sensors and Bluetooth module 

 

 


