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ABSTRAK

Haba adalah tanda awal kerosakkan atau kerosakkan peralatan yang biasa, oleh itu
program penyelenggaraan pencegahan mesti dipantau dengan teliti. Pengiraan diperlukan
dalam pemodelan haba motor untuk menghasilkan pekali haba perolakan. Pekali
bergantung kepada suhu purata permukaan motor, yang boleh ditentukan dengan
termokopel. Pilihan lain ialah menggunakan kamera pengimejan haba. Pengimejan terma
berguna untuk mengesan kekurangan peralatan keseragaman dengan mengesan kawasan
panas dan sejuk dalam suhu permukaan melalui tangkapan imej inframerah. Perisian
Testo mempunyai alat had untuk menentukan kawasan ini, seperti segi empat tepat, segi
empat sama, bulatan, dan elips kerana bacaan latar belakang yang mempengaruhi suhu
purata ROI. Kertas ini bertujuan untuk mengesan Wilayah Kepentingan (ROI) dan untuk
mengira suhu purata menggunakan kaedah ambang dan terakhir untuk membandingkan
hasil antara Perisian Testo dan kaedah segmentasi.



ABSTRACT

Heat is a common early sign of equipment breakdown or malfunction, thus preventative
maintenance programmes must be closely monitored. Calculations are required in motor
thermal modeling to produce the convection thermal coefficient. The coefficient is
dependent on the average temperature of the motor surface, which can be determined
with a thermocouple. Another option is to use a thermal imaging camera. Thermal
imaging is useful for detecting a lack of appliances uniformity by detecting hot and cold
areas in surface temperature via infrared image capture. Testo Software have limitation
tools to define these regions, such as rectangles, squares, circles, and ellipses because the
background reading affecting the average temperature of ROI. This paper aims to detect
Region of Interest (ROI) and to calculate average temperature that contains a
segmentation algorithm by using Thresholding method and lastly to compare the result
between Testo Software and Thresholding method.
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CHAPTER 1

INTRODUCTION

1.1  Project Background

In motor thermal modelling, calculations are needed to produce the convection
thermal coefficient. The coefficient requires average temperature on the motor surface,
which can be measured using a thermocouple. Another way is using thermal image

camera.

Thermal imaging is based on infrared energy (known as heat which is emitted
from all objects. This infrared emitted by an object is known as its heat signature. In
general, the hotter an object is, the more radiation is emits [1]. Thermal imaging
technology is widely employed in a variety of industries. Thermal imaging cameras were
first created for military usage during the Korean War and since then have migrated into
a variety of fields and applications. For example, electrical maintenance, plumbers,
mechanical and building construction technicians, animal and pest management,
transport navigation, healthcare and medicine, fire-fighters, police, science, and research
[1]1[2][3][4]. Thermal image cameras have developed into tiny systems it seems like a
conventional video camera, are easy to operate, and provide a real-time high-resolution
image by detecting abnormalities that are typically invisible to the naked eye. Thermal
image segmentation is useful in various applications. The thermal image contains much
information regarding the motor and this information could be obtained using various
image processing technique. In addition, the simplest technique to locate the thermal
image hotspot is by applying image segmentation method [5]. From the segmentation
results, it is possible to identify the region of interest (ROI) and object in the scene, which
is very beneficial to the subsequent image analysis. There are many techniques of

segmentation that will be discussed in Chapter 2.



Motor is used in various industries. As the technology that goes into motors has
become more complicated, technicians and engineers need to know what causes electric
motor failure. The difficulty is that the reasons for electric motor failure are nuanced and
complex because a variety of factors might contribute to a problem that eventually leads
to a motor failure [6]. Worn-out bearing and defective winding insulation are two of the
most common causes of industrial motor failure [5]. However, these problems could be
caused by several circumstances, including power quality issues, mechanical issues,

installation issues and variable frequency drive issues.

The testo IRSoft software is used for the analysis, processing and archiving of the
images recorded by a testo thermal image. It also has integrated reporting for the clear
presentation of the data. The settings can be performed on the connected thermal image
via the instrument control. However, the software has their own limitation especially in

manual cropping. This paper is to reduce the shortcoming of this software.
1.2 Problem Statements

Testo software is used to analyse the thermal image in detail, but there is certain
problem regarding this software. One of the problems is, selection of area is limited
because it is depending on geometry that already given such as oval, circle, and
rectangular. Not only that, in order to set the ROI, the user need to manually define the
desired area. It is not ideal for professional use, and this step can take time as stated that
the region of interest needs to be defined manually. This kind of limitation will make the

software inconvenient for the user.

Due to the limitation of the ROI geometry, this also leads to inaccurate reading of
thermal image, because background reading also affected the output value. The reason
behind this is with the given ROI tools, most of the time the shape of ROl is not properly

aligned to the desired area, thus leading to background reading also in the ROI’s area.

1.3 Objectives

1) To detect the Region of Interest (ROI).



1.4

2) To calculate the average temperature that contain segmentation algorithm by

using thresholding method.
3) To compare the result between Testo Software and thresholding method.
Scopes of Project
1) 22 samples data was used.
2) The image was taken by using Testo 865 thermal imaging camera.

3) The resolution of the image is 160x120 pixels.



CHAPTER 2

LITERATURE REVIEW

2.1 Introduction

This chapter briefly discusses the literature review and conclusions from earlier
studies that other researchers conducted to use image segmentation methods in many
domains, including maintenance area, using various models for identification,
classification, and detection. A good literature review not only compiles sources, but also
analyses, synthesizes, and critically evaluates to provide a complete picture of the current
state of knowledge on the subject. There are numerous techniques for increasing and

determining greater accuracy.
2.2 Flow of literature review
2.2.1 Image Pre-processing

Image pre-processing is the steps taken to format an image before it is used by
modelling and inference training. Eliminating low-frequency background noise,
levelling the intensity of individual particle images, removing reflections, and masking

sections of images are all part of the data image enhancement process [7].
2.2.2 Image Segmentation Algorithm

Image segmentation is a technique in digital image processing that divides a
digital image into subgroups called image segments, reducing the image's complexity and
making subsequent processing or analysis easier. Segmentation, to put it another way, is
the process of assigning labels to pixels. All picture elements or pixels that belong to the
same category are given the same label. Image objects are the parts into which the image

is divided. The popular techniques used for image segmentation are thresholding, edge



detection, region-based, clustering, watershed, and artificial neural network-based

techniques which are describe as follows.
2.2.2.1  Thresholding

One of the most important approaches in image segmentation is the threshold
technique. When analyzing the thermal health of electrical equipment, the thresholding
approach is a very useful tool for distinguishing the warm area from its background. This
algorithm gives a binary output from a greyscale image. Pixels with a bit value of zero
are converted to black, while pixels with a bit value of one are converted to white (a bit
value of one). In some cases, thresholding is described as separating foreground (black)
and background (white) values in an image (white). There are two sorts of thresholds:
single level and multilevel. By applying a threshold value to the image, possible thermal
anomalies in the equipment can be discovered [8]. If the original image is I(x,y), the

threshold image, G (x, y) is defined as

(1, if I(x,y)>T 2.1
G(x’y)_{o, if 1 (6y)<T

Where T is the threshold value. The segmentation result is represented as a binary
image, with 1 indicating the target object or region and O representing the background
image. Single level thresholding is the name for this method of thresholding. A slightly
more general use of this principle is multilevel thresholding, in which the image
histogram is defined by three dominant modes (for example, two types of light objects
on a dark background). Multilevel thresholding classifies point (x,y) as belonging to
one object class if T1 < (x,y) < T2, to the other object class if f(x,y) > T2 and to the
background if f(x,y) < T1: where T1 and T2 are the two thresholds selected for the
image [9].

i. Global

In Global threshold, T is used as a single value denoting the threshold for all
picture pixels. This thresholding approach is known as global thresholding because T is
entirely dependent on f (x, y) (in other words, only on gray-level values) and the value

of T is solely related to the character of pixels. Minimum thresholding, Otsu, optimal



thresholding, histogram concave analysis, iterative thresholding, entropy-based

thresholding, and so on are examples of global thresholding approaches [10].

The most basic thresholding strategy uses a single global threshold, T, to segment
the image histogram. The image is then divided pixel by pixel, with each pixel labelled
as an object or background depending on whether the grey level of the pixel is greater or
less than the value of T [9].

Apart from that, Binary Thresholding is the most used thresholding technique.
The same threshold value is used for each pixel. If the pixel value is less than or equal to
the threshold, it is set to 0, otherwise it is set to the maximum value. A very simple
approach of segmentation contains associating a binary number with each pixel of the

image f that is dependent on the intensity of the pixels and a threshold “T”.

(1, iffGey) =T 22
G(x’y)_{o, if foy) <T

a) Otsu’s Method

Otsu’s method is a means of automatically finding an optimal threshold based on
the observed distribution of pixel values. For thermal image processing [5] this method
has been frequently used to detect the warmest locations. The Otsu's threshold is
determined by searching the entire range of the image's pixel values until the intra-class
variances are at their lowest. The threshold calculated by Otsu's technique is more
fundamentally determined by the class with the largest variance, whether it is the
background or the foreground, as defined. As a result, when the image's histogram
contains more than two peaks or one of the classes has a big variation, Otsu's approach

may produce suboptimal results [11].

However, the original image segmentation methods will undoubtedly cause faults
in image processing, and these flaws will affect the image processing and recognition
outcomes. [12] use Otsu’s method and genetic algorithms for image segmentation, a

genetic algorithm can effectively identify the global optimal parameter value space.

b) Iterative



In this technique, approximate threshold is successively refined to get a new value

to partition the image better where u1, u2 are means [13].

1 2.3
T=Zul+u2)

At iteration n, as a new threshold T,, in established using the average for the

foreground and background class means [14].

c) Entropy-Based

Entropic thresholding methods exploit distribution of the grey levels in the scene
[15]. The information between the foreground and background distributions in the image

is maximized by increasing the entropy of the thresholded image.

d) Histogram

Histograms are a visual representation of data counts grouped into predefined
bins. The number of pixels in each bin's range is counted, and the resulting image is
produced. Axis x indicates the bins, whereas axis y indicates the number of pixels in each
bin. One of the most used techniques for monochrome image segmentation is histogram
thresholding. It is assumed that the images are made up of region with various grey levels
[16]. The range of a data set is divided into equal-sized classes to create histograms. The

number of points in each class from the data set is then counted for each class.

This class of techniques achieves thresholding while maintaining the histogram's
structure qualities. Basically, two most significant pinnacles and an interceding valley is
scanned for utilizing such apparatuses because the protrusive structure of the histogram,
or its ebb and flow and 0 (zero) intersections of the wavelet components [17]. Elective
creators use two-advance capacity or two-shaft autoregressive smoothing to estimate the

histogram.

ii. Local

When background elimination is uneven, global thresholding strategies can fail.
In such cases, it is usual practice to pre-process the image to compensate for the

elimination problems before applying a global threshold to the pre-processed image.



Thresholding f (x, y) with a locally variable threshold function T (X, y) is equivalent to
this [9]:

(1, iffy) =T y) 2.4
56N =1y e <Ten

Local thresholding occurs when the threshold T is dependent on both f (x,y) and
p (x,y) . This approach separates an original image into subregions and selects
appropriate thresholds Ts for each subregion. Gray level filtering must be used after
thresholding to remove discontinuous grey levels between sub images. Simple statistical
thresholding, 2-D entropy-based thresholding, histogram-transformation thresholding,
and other local thresholding approaches are common [10].

By cropping the original image into 16 equal portions, local thresholding [16] is
performed. After cropping, OTSU's algorithm is applied to each cropped part separately,
resulting in a separate threshold for each cropped portion. As a result of this, the original
image is segmented using a locally created threshold.

ii. Adaptive

A perfect segment histogram can be converted to a histogram that cannot be
efficiently separated by a single global threshold due to imaging issues such as uneven
removal. Split the original image into sub-images and then divide each sub-image using
a separate 't' threshold to avoid this issue. Because the threshold applied to each pixel is

defined by its location in terms of sub-images, this form of threshold is adaptive [9].
2.2.2.2  Edge Detection

Edge detection is an image processing technique for detecting points in a digital
image where there are discontinuities or abrupt changes in image brightness. The image's
borders (or boundaries) are the points where the brightness of the image varies
dramatically. There are a variety of approaches, and the following below shows are some

of the methods commonly used.

1. Canny



The Canny technique is an useful way to locate edges in images by isolating noise
from the image before finding edges without impacting edge features, and then using the
tendency to find edges and critical threshold values. The edge detection algorithm
identifies edges with minimal error and edge points that are precisely localized, as well

as edges that have been marked only once in an image [18].

2. Prewitt

The Prewitt Edge filter uses horizontal and vertical filters to detect edges. The
two filters are applied to the image and then combined to get the result. These carriers
can be separated and are less expensive than Sobel. Prewitt operators' biggest challenge
is their sensitivity to noise [18]). Prewitt edge detector uses the following mask to

approximate digitally the first derivatives Gx and Gy [19].

Gx Gy

Figure 2-1 Prewitt edge detection filters

3. Sobel

In a grayscale image, the Sobel operator determines the gradient magnitude and
direction at each pixel. An edge is formed by pixels with a large magnitude. Since Sobel
is the same as Prewitt, there is only one difference which are Sobel operator has ‘2’ and
-2’ values in center of first, third column of horizontal mask and first, third rows of

vertical mas [20].

-1 | -21] -1 -1 0] 1
0 0 0 -2 0] 2
1 2 1 -1 O] 1

Figure 2-2 Horizontal and Vertical Sobel Edge
4. Laplacian of Gaussian (LoG)



The Laplacian is a 2-D isotropic measure of an image's second spatial derivative.
After filtering f(x, y) with a Laplacian of Gaussian filter, this detector examines for zero
crossings to locate edges. The Laplacian is frequently used to minimize the sensitivity of
an image that has been smoothed with something like a Gaussian Smoothing filter [21].
To solve this problem, the noise should first be minimized by using a Gaussian smooth
filter. After that, a Laplacian filter must be applied to the image. Equation below shows

how to calculate the Laplacian pixel density value.

%1 0% 2.5

L(x,y) = ﬁ-l_ 92

The LoG filter, which is particularly successful in image processing applications
and has a lower noise level, is commonly used 3x3 kernels, as illustrated in Figurer 2-3
below [22].

1 1 1 -1 2 1
1 8 1 2 4 2
1 1 1 -1 2 -1

Figure 2-3 LoG Kernel
The Laplacian operator is used to improve the blurring effect due to the blurring
effect, since it conforms to the descent model. In the imaging process, the diffusion effect
occurs frequently [23].

5. Robert

The Robert edge detection operator has a fast and simple structure. The primary
idea behind this operator is to use discrete differentiation to approximate the gradient of
an image. It has 2x2 convolution kernels and as shown in Figure 2-4 these two

convolution kernels are rotated 90° to each other.

10
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Gx Gy

Figure 2-4 Robert Kernel
The Gx mask is simply rotated at 45° and Gy is obtained. These two masks can

be applied to the image for detecting edges [24].
2.2.2.3 Region-Based

Images are divided into sections with similar properties using the region-based
segmentation method. The way to find this group is to select a seed point, which can be
a small part of a large part of the input image. A region-based segmentation algorithm
would either increase or reduce the number of pixels in the seed points, allowing them to
be combined with other seed points once they were located. Region-based segmentation
can be divided into two categories based on these two methods below.

1. Region Growing

Pixels representing homogeneous regions in the image were grouped using a
region growth algorithm. Areas are formed by collecting neighbouring pixels of different
qualities with less than a certain amount, such as intensity. Each expanded area is
assigned its numerical label in the output image. When borders are difficult to discern in
noisy photos, region-growing algorithms perform better. Homogeneity is an important
attribute of regions, and it is employed as the primary segmentation criterion in region

growth, which divides a picture into zones with the most homogeneity [9].

Figure 2-5 below shows is an example of a known seed location for region
growing. The necessity to separate the image is seen in Figure 2-5 (a). Two seed pixels
(indicated as grey squares) are known to be prepared for regional growth. The pixel is
included in the region where the seed pixel is located if the absolute value of the grey
value difference between the pixel and the seed pixel is regarded to be smaller than a
specific threshold T. The regional growth findingsat T = 3 are shown in Figure 2-5 (b),
and the figure is well separated into two sections. The findings of region growth at T =

6 are shown in Figure 2-5 (c), and the entire plot is in an area [23].

11
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Figure 2-5 Examples of Regional Growth
Regional growth [23] has the advantage of separating connected regions with
similar features and providing accurate boundary information and segmentation results.
Regional growth is a basic concept that only requires a few seed locations to implement.
Furthermore, the expanding process's growth conditions can be freely specified. Finally,

it can choose many criteria at once.

2. Region Splitting and Merging

The entire image is first taken as a single region in region splitting. If the region
does not meet the specified rules, it is divided into numerous regions (typically four
quadrants), and the predefined rules are applied to those regions to determine whether to
further subdivide or classify the region. The method in region splitting considers the
entire image, whereas in region growth, the algorithm focuses on a single location. The
process is repeated until no further separation of regions is required, for example each
region follows the predetermined regulations. Every pixel is treated as a separate zone in

the region merging approach.

The algorithm for merging [9] represents a general approach to region merging
segmentation. The definition of the beginning segmentation and the criterion for merging
varied between approaches.

The most basic approach starts by grouping the image into an area of 2 x 2, 4 x 4
or 8 x 8 pixels. The region description is compared with the description of another region,
and if it matches, it is combined into a larger part, and a new region description is
calculated. Mismatched areas were identified as unsuitable. All neighbouring regions,
including newly emerged ones, are continuing to merge. When a region cannot be
combined with any of its neighbours, it's labelled ‘final," and the merging process is

complete after all image regions have been labelled this way.

12



Region splitting methods generally use similar criteria of homogeneity as region

merging methods and differ only in the direction of their application.
2.2.2.4  Clustering

Clustering is the process of dividing a set of data into a certain number of clusters,
each with similar features amongst the data points [23]. Clusters are made up of data
points that have been clustered together to reduce the amount of space between them. A
set of similar elements is referred to as a “class”. Clustering is done in accordance with
standards and rules that control how items are classified throughout the process. The
feature space is segmented based on their aggregate in the feature space, and then the

segmentation result is transferred back to the original picture space.

Several studies have been carried out in the subject of image segmentation by
clustering. There are several approaches, with the K-Means clustering algorithm being

one of the most widely used.

Y
Y

Figure 2-6 Clustering
One of the most frequently used methods is K-Means clustering. Based on the
distance metric used for clustering, it divides the data points into k clusters. The user is
responsible for determining the value of 'k."' The distance between the data points and the

cluster centroids is determined [23].

The index of similarity or dissimilarity between pairs of data components is used
in the K-mean technique [25]. The K-means algorithm is a method that is iterative,
numerical, non-numerical, and unsupervised. This sort of technique is popular because
of its ease of use and implementation. It is frequently used to group pixels in an image.
The use of spatial and shape information in clustering methods is becoming more

common.

13



2.2.25 Watershed-Based

In image processing, a watershed is a grayscale picture change. It refers to a
geological watershed or a drainage boundary. A watershed method would be used to treat
the image as if it were a topographic map. It looks for the lines that run along the tops of

the ridges using the brightness of a pixel as its height.

Watershed is a technical term with a wide range of definitions and applications.
Apart from recognising the pixels' ridges, it focuses on defining basins (the opposite of
ridges) and flooding the basins with markers till they reach the watershed lines of the
ridges. Because basins have more markers than ridges, the image is separated into

multiple portions based on each pixel's 'height.’

The watershed approach is used to transform each image into a topographical
map. The grey values of their pixels would reflect the topography of the watershed
segmentation approach. On the other hand, a landscape with slopes and hills would surely
have three-dimensional elements. As a result of the image's three-dimensional

representation, the watershed would create places known as "catchment basins."”
2.2.26 ANN

A neural network is a computer model of the human brain that attempts to mimic
its learning process. In recent years, artificial neural networks (ANNSs) have been widely
used to solve the problem of medical image segmentation. Many parallel nodes make up
a neural network based on life modelling, particularly the learning process of the human
brain [25]. Each node can do some fundamental computations. Transferring connections
between nodes and connection weights can help with the learning process. Although
Neural Nets are time-consuming when training the data, the results have been
encouraging, and the application of these has been highly successful. Many age
segmentation approaches suffer from this issue. Two key steps are included in the neural
network segmentation method which are using a neural network, extracting features, and

segmenting images [25].
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2.3  Thermal image

Abnormal behaviour temperature distribution can be caused by faulty machinery,
corroded electrical connections, broken material components, and so on. The infrared
region of the electromagnetic spectrum is emitted by every object having a temperature
greater than 0 K (i.e., 273 ° C). Infrared radiation (wavelengths of 0.75-1000 Im) is
found in the electromagnetic spectrum between microwaves and visible light [4]. One of
the core parts of this project is using thermal image to diagnose electric motor. Motor
control centres, transformers, substations, and switchgears, capacitor banks, overhead
power lines, drives, light and power panels, power cables and trays, terminal strips, and
power supplies are all examples of electrical equipment that can be monitored using IRT
[4]. In [26] present a method for biometric recognition based on hand images obtained
by a thermographic camera that contains a visible (VIS) and a thermographic (TH)
sensor. Due to imbalance load, [26] has obtained a new hand image database with a
thermal camera, TESTO 882-3, that offers both a visual and a thermal image of local hot
regions. This paper also discussed a vital technique for detecting electrical faults using

thermal image segmentation [27].

Figure 2-7 Condition monitoring applications of infrared thermography

The figure above is taken from [4] shows various condition monitoring
applications of infrared thermography. (a) Monitoring of machinery where abnormal
surface temperature distribution indicates a probable flaw. (b) Inspection of liquid levels
in industrial components. (c) Review of printed circuit boards. Localized defects like

short circuits or current leakages produce hot spots easily detected by infrared

15



thermography. (d) Typical thermal images of a transformer circuit breaker where the
faulty regions can be seen as hot spots. (e) Inspection of shaft belt where the thermal
anomaly is due to over-tightening of a belt. (f) Condition monitoring of three-phase
electrical panels where local hot spots are developed due to load imbalance.

In [28] introduced a new image processing system for extracting the human
forearms region from infrared thermal images automatically. By segmenting the contours
of an object in thermal images and analysing the data from each foreground fragment, the
heat signature of an object was identified. Due to the limitations of thermal sensors,
manually contouring thermal images is difficult and time intensive (e.g., a high signal-
to-noise ratio and low contrast). In [29] propose a semiautomatic segmentation method
that incorporates data from a second optical camera. In [30] present a comparison of
different ROIs using image segmentation algorithm. The implementation of a

segmentation method helps in the improvement of thermal image analysis accuracy.

2.4 Motor

Motor failure as its application in rotating electrical machinery, such as electric
motors, may not be as straightforward. Referring to Figure 2-8 below, the figure shows
the temperature of a small dc motor’s component during operation with the various load.
The figure was taken from [31]. There are 4 main features monitored: brush, bearing,
casing and permanent magnet. The motor was tested under 3 conditions of load, which
are represented by the current value. The lowest current, 0.7A, indicates a lower load,
and the maximum current (3.5A) indicates a full load. Based on the figure, it can be
concluded that each component gets hotter with more load. So, the temperature between

30 — 60 can be considered normal for a motor under a load.
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Figure 2-8 Temperature steady-state against the type of components under different
loads.

2.5  Region of Interest (ROI)

The region of interest (ROI) in an image is defined by a binary mask. Image pixels
with mask pixel values of 1 correspond to the ROI. Image pixels that have a mask pixel

value of 0 are displayed as part of the foreground.

ROI can be made up of continuous or discontinuous clusters of pixels, depending
on the purpose. A single set of related pixels is referred to as an adjacent region. A single
object in a picture could be represented by a contiguous ROI, such as one car in a street
scene or body tissue in a medical scan. A discontinuous ROI, for example, may represent
all pixels in an aerial photograph that belong to water or all tumorous cells in a medical
image.

In Testo’s software uses regular shapes to define these regions, such as rectangles,
squares, circles, and ellipses that poorly identify certain regions (see Figure 2-9). Figure
2-10 illustrates two typical geometric shapes to define a specific ROI. When these regular
geometric patterns do not match the anatomical shape of the area to be defined, they
impose limitations on the interpretation of thermal imaging, either by excluding pertinent
data or including irrelevant data as Figure 2-11. This can lead to the inclusion of errors

or misunderstandings in the analysis of a specific thermal image.
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Figure 2-11 Regions of Interest with the inclusion of irrelevant data or exclusion of data
source

The RGB image model (R for Red, G for Green and B for Blue) is considered the
most appropriate for an image processing [30]. Setting some pixel values in an image to
zero or another "background” value is known as masking. There are two methods for
masking which are the pixel intensity of the resulting masked image will be set to the
background value wherever the pixel intensity value in the mask image is zero (usually
zero) and using a set of ROIs as the mask. The ROIs for each slice are used to define the
mask. Figure 2-12 shows the original image, Figure 2-13 Mask Image and Figure 2-14

Image after optimization.
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Figure 2-14 Image after optimization
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CHAPTER 3

METHODOLOGY

3.1 Introduction

This chapter is about the experimental procedure taken for this project this will
include explaining the method used to detect the ROI, and python to later provide the
desired output. As stated in chapter 1, the objective of this project is to use Thresholding
method to calculate the average temperature and to compare the result between Testo
Software and segmentation method. Then, the flow for this project will be explained in
this chapter. The methodology for this project comprises thresholding methods and
python to provide the output so that the objective is fully achieved.

3.2 Software and Function
3.2.1 Python

Python is one of the most widely used programming languages in both academia
and industry for machine learning. When it comes to Machine Learning, NumPy provides
a wealth of valuable support functions. NumPy is a widely used library for storing and
computing with numerical arrays. Because most NumPy functions are implemented in C
for performance, this not only allows for more concise code, but it also speeds up the
code. Colab is a Google Cloud-based Python development environment that runs in the

browser. Colab is a direct-access virtual machine.
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3.3 Flowchart

Load Data (Extract min and max
temperature)

Load Image (convert image to grayscale and
apply image blurred)

Display histogram of the
image

Apply t valoe to the image
(Bmary threshold, Thresh to
ZETO)

Count total pixel of ROI

Calculate average
temperature of ROI

Display ROI and
average temperature

Figure 3-1 Process of programme
3.3.1 Flow of Programme

To get a general understanding of this project, provided above shows the
flowchart for this project. At the very beginning of this flowchart, the user needs to upload
the excel data to Google Colab that can execute arbitrary python code through the browser
which contain the data which are minimum, maximum, and average temperature from
Testo Software that taken from thermal imaging camera. Next, the user also needs to
upload the thermal image to the programme. The image is converted into greyscale and

apply image blurred. A greyscale image is mostly made up of two colours which is black
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and white. It contains information about intensity, with the black representing the lowest
intensity and white representing the highest intensity. Then, the next process is to display
the histogram of the image. The histogram will show the visual info to fixed the value of
T. After that, apply T value to the image by using binary threshold and thresh to zero. As
mentioned in chapter 2 above, binary threshold is if the pixel intensity is greater than the
set threshold, value set to 255, else set to 0 (black). Thresh to zero is to count the total
intensity. The range of T will be black and the value in T range will be in greyscale
format. Next, it will count the total pixels of ROl and apply masking to the original image.
Then, the last process is to calculate average temperature of ROI. In the final step, it will
display the ROI and average temperature of the DC motor. Figure below shows the

process of the programme before getting the output.

0 20 40 60 80 100 120 140

Figure 3-2 Original Image

22



Figure 3-3 Image converted into greyscale and image blurred was applied
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Figure 3-4 Plot histogram for greyscale vs pixels
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Figure 3-5 Binary threshold for masking
3.4  Data Acquisition

For the purpose of this work, by using Testo 865 Thermal Image Camera which
provided a resolution of 160 x 120 pixels. There are 22 samples used as a reference and
benchmark for this project, these sample consists of variety of motor’s angles, loads, and

types. The thermal image is processed using the provided Testo software.
3.5  Calculation

This project is based on image segmentation, thresholding method to be precise.
Firstly, in order to achieve image segmentation, the author take all the sample images and
manually find the threshold value for each sample. After that, all the threshold value will

be used to find the average threshold value, which is 0.4.

There are three thresholds in this project, the first one is for masking, second one

is used to count the pixels value and the last one is to find the sum value of an intensity.
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The first threshold value is set between the range of 0 to 1, meanwhile the other two
thresholds is between the range of 0 to 255. To make the second and third threshold,
follow the first one the ratio of 1:255 is used to convert the range. So, every time the first
threshold value is changed, the other two threshold will automatically follow the changes.

t = 0.4 (average sample) 3.1
Threshold range = 0 to 255
ratio = 1: 255
t

t_int(variable) = 0.0039215686274

For this project, it utilized the colour intensity of greyscale image, which is 0 to
255, 0 represent as black meanwhile 255 represent as white. In order to convert the
intensity value into degree Celsius, data from Testo’s excel will be loaded into the
programme to extract the minimum and maximum value. The reason this value is needed
because the author needs to set temperature range before converting the result into degree
Celsius. Referring 3.2 to calculation below for the average temperature, the ratio of

intensity and temperature can now be calculated.

Range = maximum — minimum (from data)
range
255

ratio of temperature =

total sum of intensity in ROI ] ) ]
= (intensity unit)

total pixels in ROI

<(t0tal sum of intensity in ROI/total pixels in ROI)) % ratio of temperature

+ minimum data of temperature
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Introduction

This chapter will be explaining the result from a programme of ROI and average

temperature using Google Colab. From that, the output of ROl and average temperature

will be observed.
4.2 Results and Discussion

To perform this research work, 22 samples of thermal image DC motor were
analysed. Below are a couple of sample image used to make a comparison of ROI by

using Testo and thresholding method.

Testo software Region of Interest -

0
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40 &0
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50
80

)
100

E
0 20 40 6 8 100 120 140

Average temperature = 64.3°C Average temperature of ROI: 63°C
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Figure 4-1 Comparison between Testo software and ROI which is testo have average
temperature of 64.3°C meanwhile ROl 63°C

Region of Interest

Testo software
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Average temperature = 41.5°C Average temperature of ROI: 43 °C

Figure 4-2 Comparison between Testo software and ROI which is testo have average
temperature of 41.5 °C meanwhile ROI 43 °C
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Figure 4-3 Comparison between Testo Software and ROI which is Testo have average
temperature of 47.6 °C meanwhile ROI 53 °C

Testo software Region of Interest
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Average temperature = 38.3°C Average temperature of ROI: 39°C
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Figure 4-4 Comparison between Testo Software and ROI which is Testo have average
temperature of 38.3 °C meanwhile ROI 39 °C
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Figure 4-5 Comparison between Testo Software and ROI which is Testo have average
temperature of 54.4 °C meanwhile ROI 57 °C
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Figure 4-6 Comparison between Testo Software and ROI which is Testo have average
temperature of 55.2 °C meanwhile ROI 58 °C

Testo software Region of Interest

20 60 80 100 120 140

Average temperature = 48.1°C Average temperature of ROI: 55°C
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Figure 4-7 Comparison between Testo Software and ROI which is Testo have average
temperature of 48.1 °C meanwhile ROI 55 °C

Testo software Region of Interest
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Figure 4-8 Comparison between Testo Software and ROI which is Testo have average
temperature of 48.9 °C meanwhile ROI 55 °C
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Figure 4-9 Comparison between Testo Software and ROl which is Testo have average
temperature of 31.1 °C meanwhile ROl 34 °C
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Figure 4-10 Comparison between Testo Software and ROl which is Testo have average
temperature of 56.6 °C meanwhile ROI 56 °C

Testo software
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Figure 4-11 Comparison between Testo Software and ROI which is Testo have average
temperature of 64.1 °C meanwhile ROI 64 °C

For Figure 4-1, the output is a little bit different. This is due to the Testo’s ROI
which include the low temperature hotspot in the ROI section thus making the output
value differ. This same scenario can also be observed at Figure 4-5, Figure 4-6, and Figure
4-11.

Referring to Figure 4-2, 4-3, 4-4, 4-7, 4-8, 4-9, 4-10, the thresholding method able
to fully eliminate the low temperature area of the image. By achieving this, the ROI
average temperature is more accurate because the undesired area is completely

eliminated.

The result is achieved by utilizing the intensity for each individual pixels in the
image. The is because greyscale image contain an intensity value which vary from 0
(black) to 255 (white), so by thresholding the intensity value, the ROI can be achieved.
Thresholding procedure used to determine as intensity value called as threshold and
threshold separate the desired classed [25].

The software’s ROI is not very accurate. This is because the region needs to be
set manually with the given tools which are rectangle, circle, ellipse, polygon and whole

image. Due to this, during ROI process some of the background image is also in the ROI
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area. These shapes have limits when they do not fit with the shape of the area to be
defined, either by excluding or including irrelevant data in the thermal image analysis.

As a result, inaccuracy may be added into the analysis of certain thermal images.
4.3  Analysis

Table 4-1 Comparing the result between Testo and Thresholding Method

No. Testo IRSoft Software ROI using Thresholding  Difference between
Method Testo’s Software
and Thresholding
method%

1. 64.3 °C 63 °C 2.0%

2. 415°C 43 °C 35%

3. 476 °C 53°C 10.2 %

4. 38.3°C 39°C 1.8%

5. 54.4°C 57 °C 4.6%

6. 55.2°C 58 °C 4.8%

7. 41.8°C 55°C 24%

8. 48.9 °C 55°C 11%

9. 31.1°C 34°C 8.5%

10. 56.6 °C 56 °C 1.1%

11. 64.1 °C 64°C 0.2%

Table 4-1 above shows the first row have 2% lower average temperature reading
from Testo, which is 64.3 °C meanwhile tenth is 1.1% and eleventh is 0.2% have lower
average temperature reading. Due to high threshold value, the ROI will be smaller thus
resulting lower average temperature reading. From second row until ninth row, the ROI
for thresholding method giving out higher output compared to Testo’s software. For
further reference can be viewed Figure 4-2 until Figure 4-9, as shown in the figure the
Testo’s software have a very large ROI area compared to thresholding method. Large
ROI area also resulting the background image will be inside the ROI area.
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CHAPTER 5

CONCLUSION

51 Conclusion

The thermal image software (Testo) has certain limitations, mainly because it was
designed for general use and did not allow for the identification of a ROI with a custom
shape. The drawbacks of existing software were overcome by creating a system that
allows users to upload the thermal image, regardless of a specific shape. This project

successfully eliminates the issue of irrelevant region that affecting the value of ROI.
5.2  Future Recommendation

To strengthen this project in the future, some suggestions have been noted there
is still work that has to be done for ROl and average temperature to make it more accurate.
The suggestion is, we may measure the DC motor by using thermocouple or hardware to
compare the result. By doing this, ROl will be more accurate since it has a real data to be
compared to. Other improvement is, using other algorithm for segmentation method

which can improve its accuracy.
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APPENDIX A

cv2 cv
numpy np
pandas pd
from google.colab.patches cv2 imshow
skimage.io
skimage.color
skimage.filters
matplotlib.pyplot plt

data = pd.read excel(r'/content/SR000272.xlsx")
df = pd.DataFrame (data)

max = df. (). ()
('\nMaximum Temperature\n------ ")
(max)

min = df. (). ()
('\nMinimum Minimum\n------ ")
(min)

img = skimage.io.imread("/content/SRO00272.BMT")
fig, ax = plt.subplots/()

plt.imshow (img)

gray image = skimage.color.rgb2gray (img)

#blur the image to reduce noise

blurred image = skimage.filters.gaussian(gray image, sigma=
fig, ax = plt.subplots|()

plt.imshow (blurred image, cmap='gray')

#histogram of the blur image

histogram, bin edges = np.histogram(blurred image, bins=
range= ( ’ )

fig, ax = plt.subplots()

plt.plot(bin edges[': '], histogram)

plt.title("Grayscale Histogram")
plt.xlabel ("grayscale value")
plt.ylabel ("pixels")

plt.xlim (", )

plt.show ()

t=
binary mask = blurred image > t
thresh=binary mask

35

)



fig, ax = plt.subplots()
plt.imshow (binary mask, cmap='gray')
plt.show ()

images = cv.imread("/content/SR0O00272.BMT", 0)
t int = t/

#THRESH BINARY, to count number of pixel of ROI

ret, thresh = cv.threshold(images,t int, ,cv.THRESH BINARY)
pixels = cv.countNonZero (thresh) #use cv.countNonZero to
calculate total pixels by ignoring 0 value

#THRESH TO ZERO, to count intensity
ret, threshl=cv.threshold(images,t int, ,cv.THRESH TOZERO)

#calculation
a=np.array([thresh])

b=np. (a)

al=np.array([threshl])

bl=np. (al)

pixelsl = cv.countNonZero (threshl)

#DISPLAY OUTPUT
selection = img.copy ()
selection[~binary mask] =

fig, ax = plt.subplots()

#AVERAGE TEMPERATURE#

range = (df. (). ())-(df. (). ))
("range =", range)
temp ratio = range/
("ratio =", temp ratio)
#Colorbar
eqn= ((((bl)/(pixelsl))*temp_ratio)+min)
plt.imshow(selection, cmap = 'inferno',vmin=min,

vmax=max) ,plt.title("Region of Interest™)
plt.colorbar ()

plt.figtext ( ’ , "Average temperature of ROI:",
ha="right", fontsize=10)

plt.figtext ( , ,eqn, ha="center", fontsize=10)
plt.figtext ( ’ ,"°C", ha="center", fontsize= 1)

36



