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ABSTRACT

In this study, an approach of extraction analysis for bearing fault diagnosis of rotating machinery based on
thermogram investigation using color features is proposed in this paper. This research was proposed since condition
monitoring and motor failures are great concern in industries. Early fault detection in machineries can avoid production
lost and reducing maintenance costs. Therefore, in this work, infrared thermography (IRT) is used as a tool to detect early
sign for bearing fault since this infrared thermography (IRT) is one of the most effective non-destructive testing techniques
of condition monitoring and fault diagnostics. By using this infrared thermography (IRT) technology, the information of
machine condition can be analyzed. In the present study, 300 thermal images are used in this simulation process whereby
the images are classified into two classes namely normal and abnormal. The first class consists of 150 images normal
bearing while another 150 images denote abnormal bearing class. SURF feature-based algorithm, RGB color space and active
contour segmentation are employed in this paper in order to process and differentiate between normal and abnormal bearing
image by means of color features called statistical technique. The experiment results indicate that this statistical features of RGB

color space able to distinguish the differences between normal and abnormal features of bearing in machinery system.
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INTRODUCTION

Condition monitoring of mechanical machinery
or any component of a machine has become challenging
and important task for the identification of different
machine condition which can effect productivity, quality
and cost for the industry. It is important as a way to avert
sudden breakdown, minimize down-time, reduce
maintenance cost, and extend the lifetime of machines.
The use of conditional monitoring allows maintenance to
be scheduled, or other actions to be taken to avoid the
consequences of failure, before the failure occurs. The
sooner these faults are detected, the cheaper they are to
correct and the chance of unexpected downtime is greatly
reduced.

Motor machinery such as induction motors are a
critical component of many industrial processes. Safety,
reliability, efficiency, and performance are some of the
major concerns of induction motor applications. Major
machine failures include stator faults, rotor faults,
mechanical faults such as bearing damage and
misalignment [1]. Bearing component is an important
component and widely used in modern rotating machinery.
Faults occurring in the bearing may lead to breakdowns of
machines. As mentioned in [2], studies of motor reliability
has made and was explained that 40% of all machine
failures will occurred due to bearing problem in
mechanical machinery. Different approaches have been
developed over recent decades in order to diagnose
machine condition monitoring. There are include type of
sensors and non-sensor such as vibration sensors, acoustic
emission sensors, temperature sensors, chemical analysis,
sound pressure monitoring, current monitoring and other
methods. In spite of that, these types of bearing condition
monitoring have their own drawbacks [3].

In recent times, many researchers who
concentrate to another new popular approach of condition
monitoring and fault diagnostics which allows for quick
detection of potential problems or defects that will reduce
troubleshooting time and preventative maintenance. This
approach technique is called infrared thermal imaging
technique. With the advantages of this infrared thermal
imaging tool, it has been considered as a new approach
which can be applied for fault diagnosis due to this
thermal cameras offer non-contact inspections that are
extremely safe, reducing the need for predictive
maintenance teams to put themselves in harm’s way when
performing an inspection. In this experiment, A615 FLIR
type of thermal camera have been used as a hardware tool
that has IR resolution 640 x 480 pixels for capture thermal
radiation pattern on bearing motor fault. By using an
infrared camera, it could be used to perform predictive
maintenance within electrical and mechanical machinery
allows hazardous and costly faults to be identified before
they become more serious and expensive to repair. The
range of this thermal camera can offer until 640x480
pixels, equivalent to 307, 200 measurement spots.

In contrast with other technologies, a thermal
imaging camera forms an image using infrared radiation,
which is similar to a common camera which forms images
using visible light. In other words, it is a device that used
to capture the infrared energy which transfers from an
object to its environment and produce a real-time image in
a color palette. This tool can be applies for fault diagnosis
because of the possibility to indicate the object’s operating
condition through its temperature.
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THERMAL IMAGE AND PREVIOUS WORK

Thermal imaging technique has been used in
many applications such as in power generation, electrical
equipment, skin lesion, induction motor fault detection,
agriculture [4-10] and so on. There are varieties of
proposed techniques of thermal imaging monitoring for
motor bearings that have been previously published [11-
17]. The analysis outputs of this thermal pattern were
investigated by using image processing technique. This
computing technology which is image processing
technique has been widely used in the last decade and
contributes in many applications such as in agriculture
engineering, face detection, electrical inspection, thermal
imaging, biomedical and car driver assisted [18-27]. This
can greatly improve the effectiveness of the monitoring on
motor fault condition. Generally, there are five (5) major
stages in image processing technique including data
acquisition, image pre-processing, image segmentation,
feature extraction and classification technique. Based on
the related previous literature reviews on the motor fault
by using thermal image system, most of the researchers
are using raw parameter IRT data that was extracted from
the thermal data obtained without implement the
segmentation process [12, 15-17]. Meanwhile, another one
approach is, the segmentation process was implemented
that has been proposed by [11, 14]. In the present study,
image segmentation is implemented in order to process the
partitioning the thermal image obtained. It was conducted
to simplify and/or change the representation of an image
into something that is more meaningful and easier to
analyze before led to feature extraction process.

METHODOLOGY
In this section, the proposed study consists of
consequent procedures: Image acquisition, Image

segmentation that was processed by SURF algorithm as
well as active contour as a technique to enhance the
segmented image and last procedure is image feature
extraction that was conducted by statistical approach.

Image acquisition

The first task supposedly begins with the image
acquisition process. Figure-1 below illustrates the
experimental setups that were carried out by using
thermographic camera FLIR A615 at a distance of 0.5m.
The maximum rated current value for this induction motor
is 1.8Ampere. A 1-hp three phase induction motor used for
testing the fault conditions treated in this work. The
experiment initially was carried out with the speed motor
value equal to 1280rpm and the current value equal to
0.55Ampere. At this time, the condition of motor is in
normal state. This speed was held for five minutes to
enable the machine to reach its stable condition and to
generate initial heat in the bearings. In order to create
motor bearing fault, which is overload condition; it was
imposed on three phase induction motor by increase the
input current until exceed the rated current value. By
doing so, the current motor value reach until 2.0Ampere.

Then, the acquired data is stored in a Personal computer
(PC) and analyzed in MATLAB software. The image
acquisition processed for normal and abnormal conditions
were then conducted.

Thermographic camera (FLIR AB15)

Personal Compauter (PC)

Figure-1. Experimental setup.

Figure-2 below shows a part of three phase
induction motor condition that show bearing surface
which located at the middle of the coupling between
motor and load part. Subsequently, this bearing image
is captured using thermal camera and the result image
is presented in Figure-3 below. From the naked eye, there
is difference color between normal and abnormal bearing
image where the color of abnormal bearing image is
brighter than normal bearing image. Therefore, these
thermal images denote that some pixel value color of
abnormal image will gives the higher intensity value than
normal image.

(b)

Figure-3. Original thermal image for bearing of 3-phase
Induction Motor (a) normal (b) abnormal.

17096



VOL. 10, NO. 22, DECEMBER 2015

ISSN 1819-6608

ARPN Journal of Engineering and Applied Sciences

=
©2006-2015 Asian Research Publishing Network (ARPN). All rights reserved. w

www.arpnjournals.com

Image segmentation

After the image acquisition process, the image is
undergoing the process of image segmentation whereby it
will ease to obtain the region of interest (ROI) of the
desired output image. Thus, in order to select the ROI of
bearing area from the thermal image, Speeded Up Robust
features (SURF) algorithm have been employed as an
object matching technique to detect desired output
automatically between Reference image and Target image
of bearing. This SURF algorithm is one of the best feature-
based algorithm and is considered as a high-speed, robust
and accurate method to extract and describe interest points
for any object in an image or a video frame [28]. These
features-based make it perfect for object matching and
also object detection. Therefore, to characterize the output
image bearing motor detection, this SURF algorithm has
three main parts to be conducted: (a) Interest point
detection, (b) Extract interest point descriptors and (c)
Matching.

During image acquisition process, thermal image
object, that is, bearing image is cropped first to be used for
SURF Reference image. Meanwhile, the original images
as illustrated in Figure-3 act as a SURF Target image. At
the first stage in object matching, this SURF algorithm has
been implemented by “detectSSURFFeatures” function to
find information SURF features detected in the 2D
grayscale Reference image and Target image.
Subsequently, extract a number of interest point descriptor
from the Reference image and Target image and finally
match these points using geometric transformation
estimation. Thus, Figure-4 below presents the result of
SURF interest matching key points for both Reference
image and Target image that will led to the output region
of interest of bearing as shown in Figure-5.

Figure-4. SURF matching points between the reference
image (left side) and the target image (right side).

Figure-5. ROI bearing.

When the ROI is segmented, active contour
technique is employed in this operation in order to enhance
the bearing image to reveal useful features. This active
contour model also known as snakes and is implemented
in this experiment to detect objects in a given image using
techniques of curve evolution. This model is popular in
computer vision and greatly used in applications like
object tracking, shape recognition, segmentation, edge
detection and stereo matching [29].Figure-6 below
presents the output foreground described by the binary
image.

Figure-6. Enhancing bearing image using active contour
segmentation.

Image feature extraction

In image processing architecture, feature
extraction is one of the most important stages used for
condition monitoring and fault diagnosis, whose aim to
make quantitative measurements from the image. All the
data pixels that have been grouped which are representing
and describe the desired features contain in the image can
be extracted for machine condition monitoring and fault
diagnosis. Color is one of the most important features of
images. A number of color spaces have been used in
literature, such as RGB, CIE L*u*v*, CIE L*a*b*,
Munsell, Y1Q, YUV, YPbPr, YCbCr, YCgCr and YDbDr
[30, 31].
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Color features can be extracted from images or
regions once the color space has been specified. Thus, in
this experiment, RGB color space was implemented due to
this approach are straightforward and simple for
displaying in monitors. To extract this RGB color
information in the image, masking image as depicted in
Figure-6 is multiplied first with the original thermal image
as indicated in Figure-3. Yields, this multiplication
operation will generate a difference intensity color
between normal and abnormal thermal image bearing.
These values of red, green and blue color can be
displayed and represented at each axis of the color cube in
the range of [0,255] respectively. 0 means the color
component is off (black), while 255 means it's at full
intensity and 127 is half intensity. Figure-7 and Figure-8
below indicates image histogram pattern which provide
information about the characteristic of the RGB colour
distribution under normal and abnormal bearing motor
image with x-axis represents the color concentration and
y-axis represents the pixel value.

Histogram of All Bands

Pixel Court

Gray Levels

Figure-7. RGB image histogram (normal bearing image)

Histogram of All Bands
T T

Pixel Count

o 50 100 150 200 250 300
Giay Levels

Figure-8. RGB image histogram (abnormal bearing
image)

RESULT AND DISCUSSION

Subsequently, histogram features which are truly
statistical features which represent image characteristic
have been focused in the present study. Generally, this

technique is one of the simplest and very effective features
techniques to collect and analyze the required data. In this
experiment, there are six (6) features that have been extracted
from two different machine conditions where each condition
has 150 samples. These histogram features consist of mean,
standard deviation, skewness, entropy, kurtosis and variance
[12, 32]. These features are depicted in Figure-9 until Figure-
11 below. All these RGB color features are plotted versus
number of samples and then are evaluated to find significant
features in order to distinguish the machine conditions.
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Figure-9. Mean feature of RGB color space.

L] |
Te o L e o aiead

et -

+
-
70 ‘4* P M&ﬁf" ,..a.h::t " 0"» ** **w‘“ ma-bw 4.,& Py M‘::‘

&0 L L
50 100 150

Ho. of sample : B normal
STDIgnonlfoa!um for normal and abnormal hemg condition +  abnornal

u-* 4'"

P o o

Red STD

¢+.4+

mﬂ-w&m

No. of sample B nomal
STD({biue) festure for normal and abrormal bearing condition »  bigaral

Green STD
2 S 8 z

2

g2 e T R T T A
a8 4 IR g S
20 L

No. of sample

Figure-10. Standard deviation feature of RGB color space.

Skevmess(red) feature for normal and abnormal bearing condition

et L
i - MO T LT e
@B
3 'meww*ﬂ SN
2 50 00 = nonmal  |NEEG
INo. of sample + _abnormal

Skewness(green) feature for normal and abnormal bearing condition

* Wt - -
- + + + & +* 4 + x il

# ﬁ#w»wm»#»mWwWav+

L B normal
0 50 |N + abnommal | 150

No. of sample
‘Skewness(blue) feature for normal and abnormal bearing condition

Green Skewness

Blue Skewness

B nermal
+  abnormal

No. of sample

Figure-11. Skewness feature of RGB color space.
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The mean, known as average value would give
some information about general brightness of the image.
Based on Figure-9, it is clearly observed that feature mean for
the machine condition is apparently well separated. Figure-9
also indicates the average value feature for normal bearing
condition is lower than average value for abnormal bearing
condition except for blue (B) color. The average reading for
RGB color spaces are shown in Table-1 below where (N)
denote to normal condition and (AB) denote to abnormal
condition. In RGB color system, the higher the values of R,
G and B, the brighter the color will be. Meanwhile, in
thermal imaging system, the brighter color in the image
represents the hottest temperature area generated by the
object. Thus, the higher the values of mean for RGB color
space would perceive the brighter the color and represents
the hottest temperature area produced by the bearing
machinery condition. As a result, the average value for red
and green color space has validated the right decision in
this experiment. Meanwhile, blue color component
perceived lack of contribution in the feature of mean due
to the normal machine condition indicated higher reading
than abnormal condition machine. Nonetheless, the
difference between these two types of motor condition is
still able to differentiate clearly.

Table-1. Mean for RGB color space.

Red (R) Green (G) Blue (B)
N) | (AB) | (N) | (AB) | (N) | (AB)
Mean 89 179 170 192 65 22

Statistic

Subsequently, the standard deviation, which is
also known as the square root of the variance represents
dispersion of data away from mean of each data. High
brighter color of images will have a high intensity color
distribution over image. In mathematical study, to evaluate
the standard deviation statistic, the data gained inside the
standard deviation area is classified as normal distribution.
Meanwhile the data that are outside the range of standard
deviation is called abnormal distribution which is the data
is too little, too large data or the data are not converging.
In the result shown in Figure-10, it was observed that
normal bearing condition more converging than the
abnormal that were depicted in scattered form. Hereby, by
using these standard deviation measurement readings, we
capable to classify several of machine conditions thermal
images.

Indeed, this standard deviation also is related
with the feature of skewness. Normal bearing data in
standard deviation would observe normal distribution in
feature of skewness. It means, if the skewness data
approached to zero, it indicates that the data is in normal
distribution condition. Otherwise, it would be abnormal
distribution which it means abnormal bearing condition.
This skewness for RGB data are proved in Figure-11.
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Figure-12. Kurtosis versus entropy of RGB color space.

As can be seen from the Figure-12 above, two
features of RGB color spaces are plotted together. There
are feature of kurtosis and entropy feature. In
mathematical field, kurtosis is a measure of whether the
graph input data are in peaked distribution, flat distribution
or in normal distribution form. Firstly, in normal
distribution form, it will be realized if the output kurtosis
value in this distribution is indicated in the zero (0) value.
Meanwhile, the output kurtosis value for peak distribution
form should be indicated in the positive value and thirdly,
flat distribution, the output should be appeared in the
negative kurtosis value. In this present study, the graph
type of RGB histogram color space as depicted in Figure-7
and Figure-8 are in peak distribution form. Thus,
supposedly, the result data kurtosis output in this
experiment should be indicated in positive value.
Validation has been proved in Figure-12 where kurtosis
for RGB color data for both bearing motor conditions have
been produced the positive value and those values are
presented in table-2 below.

Table-2. Kurtosis for RGB color space.

St Red (R) Green (G) Blue (B)
atistic

N) | (AB)| ) | (AB) | (N) | (AB)
Kurtosis 2 3.6 102 | 16.1 3.0 14.3

[S¥]

024 | 013 | 022 | 025 | 045

2
Entropy | 0.2

On the other hand, entropy also is indicated in the
same Figure-12 with feature of kurtosis. Herein, entropy is
a measure that tells us the amount of disorder in a system.
In other words, it is the exact state of each molecule
formed in the system after transformation from order to
disorder. According to Stefan-Boltzman Law, it describes
the hotter an object becomes the more infrared energy it
emits. It’s mean, in this thermal imaging application
system, the higher the temperature of the object, the more
these atoms and molecules move. As such, as the
molecules object increase, the higher the entropy values as
well as the higher the temperature value will be produced.
This theory has been validated in this experiment where
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those entropy values are illustrated in Table-2 above.
Eventually, in this study, statistical features of RGB color
space able to distinguish the differences between these two
types of motor condition clearly to be used in diagnosing
bearing motor condition.

CONCLUSIONS

In this paper, a thermograph Image extraction
based on statistical features on RGB color space for
monitoring the normal and abnormal induction motor
bearing fault has been proposed. A method called SURF
algorithm which is object matching procedure for finding
ROIs is introduced. Yet, by adopting active contour
segmentation technique, it is employed to enhance the
bearing image to reveal useful features. Eventually, six (6)
basic features of statistic are presented and have been
imposed on the RGB color space. From the result
validation analysis, there have been observed that statistical
features of RGB color space able to distinguish the
differences between normal and abnormal features. Thus,
color features vector on RED (R), GREEN (G) and BLUE
(B) will be implemented in the next classification stage in
order to identify the classification accuracy.
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