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Abstract

Image Processing and Classification Applications Aerospace NDT and

Honey BeeHealth Monitoring

Fast development in image processing and classification techniques brings many
new solutions tothe challengs in engineeringln this thesis, image processing and
classification techniques are introducedagmwerful inspection tool intcmon-destructive
testingon aircraft parteand honey bee disease detection to improw&ection speed and
accuracy of human inspectors

Safety and reliability are the mastportantissues in aerospace industry, especially
in high temperatureand pressure turbine engine paffiorescentPenetrant Inspection
(FPI) is widely used in NoiDestructive TestindNDT) on aircraft parts as an easy and
powerful method. To improve efficiency and robustness in human inspection inaiPlI,
AdvancedAutomatic Inspection System (AAIS$ developed by usingnage processing
and classification techniqués this thesis The systemcan automatically detect, measure
and classify the discontinuities from turbine blade FPI images.

As theworld® twelfth-largest honey producer, Can&lhoney bee suffers from big
losses in the past few years. Thegagttion of disease and disorder of bee colony in an early
stage is critical to prevent more ldss the bee industrylo greatly improve the speed of
the inspection while retaiaccuracy an automatic health monitoring systé&srdeveloped
to inspect honey bee colony and detect disease and disorder. The systemondan
colony development and measure the proportion of unhealthy éeit$.thus it can

improve the efficiency and accuracy of bee colony inspection significantly.
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Chapter 1. Introduction

1.1 Background

The fastdevelopment in electronics industry as well as computer scleasted to
enormous progress imageprocessing andlassificationtechniques in the recent years.
Image and classification techniques can aid or even replace human labor in many
applications.The tremendous increase in this aresults innew solutions to many
challenging problms in image analysisuch as inmanufacturing civil engineering
biomedi@l engineering and geography this thesisjmage processing and classification
areintroducedas apowerful inspection toointo aircraft partsnon-destructive testing and
honey beehealth monitoringo help human inspectaarry out thanspection anénalysis

work.

1.2 Literature review

In this section, a bridfteraturereviewon theimage processing and classification,
aerospace NDT and honey bee disease detection is presented and the motivation of the

work undertaken in this thesis is given.



1.2.1 Literature reviewon aerospace NDT

In aerospace industry, safety and reliability are always the most important issues.
Scientists and engineers pay lots of attentmdamage analysis, product quality control
and maintenance {¥4]. Among various parts, thine engine parts especially turbine
blades are the kegyarts to then aircraft safety [16]. Regardless of the size of turbine blade,
it is of crucial importanceo keepthe turbine blade free of defed®ce it transforrmheat
into power energy undextremelyhigh pressure an@mperatureTypical failure found on
turbine blade can beclassifiedinto two categories: manufacturing failure and fatigue
failure. Manufacturing failurés usually caused by the process of castaugidificationand
coating while fatigue failure is caused by stress failure, thermal fatigue cracking and
corrosion. All of them appear as surface discontinuities2f]7 To investigatehe failure,

NDT methods can be applieditspect thaurbine blade.

As a powerful tool to deté and analyze structure failure and damage, NDT is
widely used in aerospace, material and civil engineering. There are several NDT methods:
FluorescentPenetrant Inspection (FPI), Magnetic Particle Inspection (MPI), Ultrasonic
Testing (UT) and Eddy Curréeitesting (ECT) [12]. MPI is toestablisha magnetic field in
a ferromagnetic materimlomponentandit can detecthe defects on or near the surface.
ImbertandRampersadi23] successfully developed and tested MPborallturbine blades,
but MPI needs ifferent coils for different shape and size of parts, and the performance can
be affected by surface paint and the angle of magnetic field with the defect. UT is to send
sound waves into a test piece to detthet possiblediscontinuities It can detect dep

defects with high accuracy arbes notneed any parpreparation However, UT only



works fine on large parts and structures such as turbine engine shaft [24] or even bigger
one like wind turbine blade [25]. ECT is alsp@pularNDT method in aerospadedustry

A coil will produce a magnetic field to generate alternate electrical cuiEeiaty(Current)

on the test pieceThis current will produce another magnetic field ahd inductance
caused by this magnetic fietdn be measured to detdoe defeds. ECT is highly sensitive

to surface or near surface defects, and it can inspect special structures automatically using
the well-designed probe [289]. In [28], anautomatedECT on turbine blades have been
presented Since the distance betwesehe probe and the test surfachould be kepthe

same during thevhole ECT scanprocess, it needs special probe avell-tunedsurface

scan for every type and size of blades, and the speed of procelssively slow [28]. For

some parts like mounting holes [2@r turbine rotors [27], ECPprocesss easier to be
automated, but for turbine blade testing, ECT is not the best option [30]. FPI is to apply
liquid fluorescentpenetrant to the surface of a tgséce;the liquid is pulled intothe
defects by capillaraction Then the surface is cleaned and developer is applied to pull out
the penetrantrom the defects The indication of defects can be seen urdira-Violet

(UV) light source [30]. Compared tihe other NDT methosl FPI is much cheaper and
easier ® apply, andbetterfor inspecting theurbine bladewith small surface defects and
complexgeometry. Besides, unlikbe other NDT methods, FPI can process large surface
area or large volumes of parts at the same time, which nitatkess most efficient,dwest

costNDT method for turbine bladédefectdetection with high sensitivity [31].

Automated FPI has already been developed by some major aerospace companies.
Adair et al.from Pratt & Whitney have developed an Automated pi®tesssystem with

severd processing stations in line to procebe test piece automatically [32].Other



automated FPI systems are developed by some NDT companies with similar processing
stations or tanks. Even though those automated FPI system can handle complex chemical
process, the final visual inspection step is still done by human inspectors. An automated
inspection system is needed to aid human inspéstari of detection, measurement and

classification.

In the literaturemanyproposedmage based defetspection ressrcheshave been
carried out oravarietyof NDT applications that we can use for refereheee Image pre
processing, segmentation, feature extraction and classification techniquiscassedn
those literatures [386]. To convert RGB image from irgang sensor to gray scale image,
Nashatet al. decompose color information in RGB image and subtract to enhance crack
indication [35]. In FPI inspectioncase, since FPI indication is in gredghg green
components used teenhance the indication directlyor the further improvenent ofgray
scale image quality, median filter noise reduction is introduced [34][36][39][51]. The most
important and challenging part is the indication segmentation progbgh can be
categorizedinto three groupsl. Segmentin intensity i.e. thresholding,2. Segmentin
gradienti.e. edge detection an8l. Segmenby subtraction approacim [35][37][44][49] ,
the researchersise pretuned thresholdand referenceq34][36] introduce adaptive
threshold method Otsu method [5], wich hasvery goodperformance and robustness.
[36][37][40][47], the researcherapplied Sobel filter for edge detection, while in the
comparison made by [48], Canny filter psobablythe best in edge detection for defect
indications. In subtraction appach [49], the authorssubtract apredefinedbackground
image of welding to segment crack indicatiohnd in [36][46][50], low-pass filteris

appliedto smooth the original image to get background image[51], the background



image is obtainedfrom an analytical softwae 1 TableCurve3D fromIBM Statistical
Package for the Social SciencéSPSS. Other segmentation methods includecal
segmentation witledge detection [55] for welding imagehich maynot be very useful in
turbine blade imagenspectim. And h-dimensional Empirical Mode Decomposition
(BEMD) [52] and Fuzzy eéMean (FCM) [54]cannot achieveonvincing result In this
thesis, wewill investigate various image processing techniques, suchnt@ssity
thresholding, gradient edgdetection and subtraction approaek f o r turbine
inspection We have developedan Otsu Adaptive thresholdingwhich combinesCanny
Edge Detection and ErosionDilation-Subtraction methad to achieve good quality
indication image.The deta# will be discussedn Chapter 3. In feature extraction and
classification step, we developed algorithms to measure and classify indications according

to Liquid Penetrant Inspection Standard ASTM EZ3357][58].

1.2.2 Literature review on honey bee colony health monitoring

In Canada honey bee industry is an important part of @wasinty& agricultural
production, make€anadahe worlds twelfthlargest producer of honey [64]. According to
recent researclGanadiarbee keepers suffer from Colony Collapse Disorder (CCD) in the
past few years [59]. Over the winter of 202809, Canadianbee keepers lost 33.9% of
colonies, twice the normal rate of winter losses. In some pravswzh as Alberta, New
Brunswick andPrince Edward IslandPEl), the number exceeds over 40% [60]. Many

research and survey has been maéhe CCDOn the past few yearand two main cause
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have been discussedt. bacterialdiseasei American foulbrood disease [@3l]; and 2.
parasites diseaseVarroa destructor [65][68] and Nosema [66]. However, tfsare final
conclusion in the debate of the major cause of C&1fdthe only effective way to control

CCD is to monitor beeoloniesandto identify unhealthy bee colony in an early stage. Two
approaches can be applied to monitor bee colony health conditanitor individual bee

for example the queen by video based image [67][68]; or inspect bee brood frame for
healthy brood area and healthy cell percentage [69]. Compared with the first approach, the
second oneostsless interms ofequipmentand gives morenformation interms of healthy

cell numbers and percentagés.addition,the visual inspection is very tirEnsuming,
tedious, and inaccurate due to limitations of the human eye working under poor visibility
conditions (full sun, shading by the beekexphat & veil, sweat dripping into eyes, eye
glasses fogging up). For a beekeeper in Eastern Canada with 300 colonies, the inspection
takes approximately 300 hours of work every 10 days. An automated solution is urgently
needed for bee colony scanning addease identification to improve the Canadian
beekeeping industryn this thesis, we built up an automated honey bee colony health
monitoring systenincluding both hardware and software systeindardware systenthis
thesisdesigneda brood frame ingection box to take brood pictures with uniformed high
quality. In software systenthis thesisdevdoped an algorithmwhich combines Otsu
adaptive thresholding [5] method with morphological operations [3] and ellipse fitting
function [70] to extract broothoundary, and compared with edge detection metheed.

Hung Liew, Beng Yong Leand Margaret Charintroduced circular Hough transform in

cell detection [69]However,circular Houghtransformneeddarge amount of computation.

In this thesis, we improvetthis algorithn@ efficiency by introducing circularity detection



before applying Hough transforto avoidunnecessargomputation In the final decision
making step, weisedArtificial Neural Network (ANN) [6]34][56] to classify honey bee

colonie®healthconditioninto healthyor unhealthy conditions

1.3 Contribution of thesis

In this thesis, image processing and classification technigreeapplied to two
different applicationswhich share a common feature of detecting condition by using

images.

In the design of an advanced automatic inspection system for turbin blade FPI

analysis, the main contributisrare listeds follows:

1 A new approach is developed to perform automatic accurate segmentation of
turbine blade indication from background after FPI pescThis approach
combines Otsu Adaptive Thresholding with Canny Edge Detection and Erosion
Dilation-Sultraction method.

1 Special feature extraction and classification functiare designed to perform
automatic classification of indications.

1 A user friendy interface is designed ®how detection and classificatioesuls

of the advanced automatic inspection system

In the design of an advanced automatic inspection system for honey bee colony

health monitoring, the main contribut®are listedas follows



1 A new simple and effective approach is developed to perform automatic brood
boundary detection with high accurad@¥is approach integrates Otsu Adaptive
Thresholding and morphological operations.

1 A new approach in uncapped cells efgion is developediy integrating
circularity detection and Hough circle detection.

1 Auser friendly interface is designed to show detection and classificaatts

of the advanced automatic inspection system

1.4 Thesis outline

Thethesis is organized as follows.

In Chaper 1, background anaotivationare introduced. The thesis outlirsegiven

as well.

In Chapter 2a brief reviewon the background knowledge in image processing and
classification is carried ouhe kasicfundamental principles digital imageacquisiton
and color models are presented. Spatial transform, filteringrarghologicaloperation
techniques are discusséithe dassification techniqguA&NN is described brieflat the end

of this chapter.

In Chapter 3,image processing and classification tecmeis are applied to
aerospace NDT applicatiomdDT and FPI methaglare briefly reviewed and the challenge

of automated FPI process discussed. Thethe image preprocessing techniques are



implemented to acquire good qualdyay scalamages. Image segmntation functions are
developed to segmetie indications fromthe background. Feature extraction functions
and classification functions are implemented to measure and classifg indications.
Finally, the sample images from industrial partners arestbély thedevelopedsystem and

thefield work has been carried out.

In Chapter 4jmage processing and classification techniques will be furtheedar
on in a brand new field honey fee health monitoring. Firsspmebackground of Canada
honey bee indstry and situation of CCBrereviewed.In this thesis, &ardware inspection
box is designedo take standargood quality picturesor honey bee broodhspecion. A
simple and effective brood boundary detection methgaresented t@ccuratelyextract
the brood area out of frame. Uncapped cell detection function using Hough transform and
circularity detection is developed to detdwt unhealthy cells inside brood area. Finally an
ANN is trained and implemented in the system to nfala decisionon the brood health

condition.

Finally, Chapter 5 concludes the thesis givésthe future work.



Chapter 2. Background knowledge in Image Processing and

Classification

2.1 Introduction

In this chapterwe will review the backgroundknowledgerelated to theesearch
work which is carried ouin this thesisimage processing ardassificationtechniques are
implementedo inspect aircraft parts and honey bee brood to evaluate the health condition
of those test pieces. This chapter starts with a brief introductioasuédof digital image
acquisition including human vision structure digital image sensingsampling and
representatiorDifferent coloredimagemodelswil| be discussed and compartbereafter
Spatial transformation, filteringndmorphologicaloperationtechniques will bantroduced
as they are used to perform indication segmentation in this res€amally, since both
problems are treatl as classification problem in this researte classificationtool i

neuralnetworkwill be reviewed at the end ofithchapter

2.2 Digital image acquisition

Visual ability isanimportant ability of human beindgnformation which collected

from eyesconsist a large proportion of allWith the evolution in computing and
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information technologydigital image processingechniqueshave been developed and
applied in a wide range of applicatiomgital imageacquisitionis always the first step in
digital image processingAs a matter of factdigital imageacquisitionsystem is very
similar to human vision systeriVhen om talks about digital imagecquisition it always

goes to human vision first.

In human visionJight goes through the lens apdoject to the innermost of the
eye, retingFigure 2.1) The lensaresupported and controlled llye fibers attached to the
ciliary muscle The focus of lens ishangeabléhrough ciliary muscle so that our eye can
capture light from an object in a wide range of distance. Rafasamillions of receptors:
cones and rods. They are highly sensitive to color and can give usfeeltulbf view.
Human vision has certain advantages such as high setwitivity and high brightness
adaptationHowever,shortcomings exist as wellhe imageperceived by our egds not
simply dependent on the intenséynd the shapef an object.A well-known example is
simultaneousontrast shown in Figure 2. The inner squares in those two pictures seem
to have different brightness, but in fact, thewethe same intensitfthe sme phenomena
can be found in optical illusiongsherepeople will se nonexistenor wrong information
undersome circumstances. Besides, th&ble spectrum of human eye is narrow in the

electromagnetic spectrunvhich meanghatwe couldlose a lot of information as well.
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Vitreous gel

Retina

Ciliary body 1 Choroid
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Figure2.1 Human eye structungith Lens, Ciliary body and Retirj&]

Figure2.2 An example ohumanperceinng errori simultaneos contrast

In digital image processingheimage is sensed aratquiredby the sensors which
have similar structureo human eys The light from the object godbkrough the lens and
project on an arrayof sensorsThe lens is controlled bsechanicabtructures to change
the focus.Each individual sensor caeceivethe energy from the light and transform this
energy into a voltage signal. Since different elmognetic spectrums result in different
energy, the sensor will produce different sigrtal distinguishamongdifferent spectrums
Thusthis enables the sensor to read all radio wave in electromagnetic spectrumagnclud

bothvisible and invisible lights A sensor array consists of many sensors lying in a plane
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which will give us a 2D image.The resolution of a digital image is based on the numbers
of sensors. Thenhevoltage signal from sensa converted from analog signal into digital
signal bythe means osampling Finally a 2D imagewill be representetly a 2D matrix.

(Figure 2.3)

195 195 195 195 195 195 195 195 195 195
195 195 195 195 195 195 195 195 195 195

195 195 195 195 195 195 195 195 195 195
195 195 0 0 0 0 0 0 195 195
195 1595 0 0 0 0 0 0 195 155
195 195 195 185 0 0 195 195 195 195
195 195 195 195 0 0 195 195 195 195
195 195 195 195 0 0 195 195 195 195
195 195 195 195 0 0 3195 195 195 195
195 195 195 185 0 0 195 195 195 195
195 195 195 195 0 0 195 195 195 195
195 195 195 195 0 0 195 195 195 195
195 195 195 195 0 0 195 195 195 195
195 195 195 195 0 0 195 195 195 195
195 195 195 195 0 0 195 195 195 195
195 195 0 0 0 0 0 0 195 195
195 195 0 0 0 0 0 0 195 1595

195 195 195 195 195 195 195 195 195 195
195 195 195 195 195 195 195 195 195 18S

Figure2.3 An image of letter | shown as al2matrix
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2.3 Color models

Color image processing is widely used digital image processing andsual
servoingtasks The applicationis motivded by two main reasons: first, human vision
system has the ability to recognize and distinguish thousands of colors as mentioned in the
previous sectionSecondthecolor is a powerful indicator which can simplify many image
processing task$:.or examplein Figure 2.4, the robot soccer players are distinguished and
located by different color signs on the top of them. The computer will anddgzeages
from top camera to know thgositionof each team member precisely. In this thesior
informationis a powerful indication in both applications this section we will review

several color models in digital image processing.

Figure2.4 Robot soccer playedistinguished by different color sigfisnagefrom Carnegie
Mellon University robot soccer team)
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2.3.1 RGB color model

RGB color model is the most commanodel used in hardware devices such as
digital camerasinddigital monitors.According to research resulthe cones in the human
eye are sensitive tmlors, and they can lassifiedinto three main categoriésthe three
primary colors: redR), green(G) and blug(B). RGB image has three values in each pixel:
R, G and B. In a standard-b#% RGB image, every component habi8range, 256 values,
the combination will have¢ v @ p dx Xl p gifferent colors. Figure 2.5 shows the
RGB colorcube. In this thesis, color images will be taken and saved in RGB nfodel
further analysis

B

!

Blue )
|

0.0,1) Cyan

Magenta _ White

e 0,1, 1
Black/ b 4 - [;., G

(1,0,0) Lz

/Red Yellow

R

Figure2.5 RGB wlor cube[3]

2.3.2 Hue-Saturation-Intensity (HSI) color model
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RGB color model is perfect for image sensing and display, but wherused to
describecolor, it® relativelyweak. In a RGB image, we aawt tell the color directlyfrom
the R, G, B valug Compared with RGB color modeHSI can better present human
interpretation otolor. InHIS image, hue is the color property tloscribeshe pure color,
which will give us accurate colanformation of an objectHue value is robust to light
intensity andeflection angle changeSaturation is theolorfulness of the pure coloknd

intensity is the measure of light whidreflected by the color.

Hue, saturation and intensitgan be calculated from RGB valuAs shown in
Figure 2.6,HSI color model iscylinder like wherethe vertical axis is the intensity value,
saturation value is the distance from the color point to the inyeasis, and hue is the
anglethe origin colod red. Equatiors 2.1 to 2.3 givethe conversionfrom standard RGB
model image te1SI model imag¢3].

~

B

o O
o@mn-h 6 O (1)
where— A OQBAl 6 -
Y p —— | EVHOD (2.2)
0 Y O 6o (2.3)

whereOis hue value™Yis saturatiorand Qs intensity ofHSI color model
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black

Figure2.6 HSI color model 3]

Intensity value is the only descriptor gifay scale image or monochrome image.
Gray scaleimage only carries intensity value, which makes it easier to interpréteby
computes and simplifies the calculation at the same time. It is sl&itbdy more complex
image operations such as filterimgpd morphological operation€Equation 2.4 shows a
typical RGB to gray scale image transformation function.

oM KAA O w2 ™ YK T pI” (2.4)

2.4 Basics of intensitytransformation and filtering

Intensity transformation and filtering arevo main operations working in spatial
domain or in image plane. They change imageefsxdirectly in their valuedntensity
transformation can be used to improve the contrast of an image merform image

thresholding. Spatial filtering can sharp or fuzzy an image, or perform edge detection as
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well. In this section, we will introducgome basics of intensity transformati@mdfiltering.

Intensity transformation is operating directly on every pixel of an image according
to a certain rule. It can be desculzes in Equation 2.5,
Qafo "Y' Qafwo (2.5)

where'Qchy and™Qafo are the pixel values of input imagedasutput image at position

o, “Ystands for the transformation rule of the operafRjn An exampe for intensity
transformation is thresholdingn Equation2.6,"Yis a typical thresholding function, if a

pixel value is higher than 100, it has a new value 1, otherwise 0. This operation transforms
a grayscale image into a bitmap image. (Figure 2.7)

O ph Q pmm

m Q pnm (2.6)

Figure2.7 Image thresholding

Spatial filteringhas the same function in Equation 2.5, butftimetion “Ywill be a
spatial filter'Qinstead In Equaion 2.7, the spatial filter is a typical lepass filter. Low
pass filter reduces highequencysignals such as noises and edge information of an image.

This filter gives pixel ¢t the average value of its 3x&ighbohood pixels.The filter
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will move from pixel to pixel and scan the whole imaggure 2.8 shows an example of
low-pass filtemoise reduction
pfw pfw plfw

0 plw pITw pfw (2.7
pfw pfw plfw

Figure2.8 Low-pass filter noise reduction

2.5 Morphological operation

Morphological operationis a powerful approach in image processing other than
spatial functionslt provides new solutions to numerous problems in image processing,

such aextracting edgethinningand filtering.

Morphological operationis based on set theoryn digital image processing, gray
scale images are stored and representeelamatrix. Every element has 3 components: x
and y position and gray scale intensitMorphological operationis performed by
structuring elements (SE). SE i small matrix or image. Whemne performs
morphological operation, SE will be used to scan input image pyxeixel andto create a

new image. For examplerosion, a fundamental operation morphological operations
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used to shrink objects in an ineaglt is defined by Equation 2.8yhereA is the input
image,B is SE of erosionj is the set oforigin points of B contained inA [3]. Dilation
operation is defined by Equation 23.

6S6 Q6 PO (2.8)

08 0 Qo6 Zo » (2.9)

Figure 2.9 showthe example of erosionand dilationoperation. The first image is
eroded by a veical line,andgives the result of two vertical lined letteriiHO. The second
image is eroded by a squaamnd gives the result of a thinngiHo. The third image is
dilated by a squareandgives the result of a bold@Ho. Through this example, we caee
that a square SE can ttonthickenan object while a line SE can detect linda.this thesis,
morphological operations will be used in indication segmentation and feature extraction

functions.
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Figure2.9 Examples of erosion and dilation functions with different SE

2.6 Neural network classification

Compared with normal digital computer, human brain computes in a much more
complicated way. lis a highly complex and parallel computer made up with biological
neurons Artificial neural network isto simulate biological neural netwdsk neuron,
structure, reaction and learning algorithm to solve some nonlinear and complefotasks

which normal logical computing could not solvin this section we will briefly review the
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basics of artificial neurorendMultilayer Perceptror{MLP).

Biological reuror® functions are mainly accomplished by dendrites, cell body and
axon. Dendritesare thin structures from the cell body and working as inputs to the cell
body. Cell body analyzes signals from dendrites and gives output to axon. Axon sonnect
to thousads of target cells through synapses. Artificial neuras similarstructureto that
of biological neuron. As shown in Figure 2.10, it has a set of inputs and relesighiting
vector. An adder will sum all input signals and an activation function wakexecision

basedon a threshold functiofhe output of artificial neuron will go to actuators.

Dendrites

(AN

|
A
- ®

Synapses \' \

Al srmnn oo bt

%
activation

Figure2.10 Structure comparisoniddogical heuron and artificial neurdé]

Multilayer perceptronis a typicalfeed forwardartificial neural network which
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consists of multiple layers: input layer, d&h layer and output laydeachneuronin one
layer connects with a certain weidbteveryneuronin the following layerMLP exhibits a
high degree of connectivity, means a neuron will be connected to all neurons from upper
and lower layer (Figure 2.11MLP is widely used in statisticastimation classification,
nonlinear control and image analysis. In Chapter 5, we will use MLP to classify healthy

and unhealthyroney bee colon

X Xz Xm

{ b |

W]l

Y

v

Figure2.11 Structureof typical Multilayer perceptrori6]

2.7 Conclusion

In this chapter, the background knowledge and metheldted tothesis workhas
been reviewedFirst, with regards to image acquisitionuran vision system, digital
image sensing, sampling anelpresent@on have been reviezd Different color models
have been discussed to enhance the informabbninterest in images. Spatial
transformation and filtering techniques have been presented as they are powerful tools in

contrast enhancement and image segmentatMorphological operations have been
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reviewed through two examples: erosion and dilatioThey areimplementedin both
problems for backgroundegmentatiorand brood boundary extractioBome lasics of
Artificial Neural Network are presentefdr the sisequentclassifcation of thebrood

frame images in the honey bee coldmalth monitoringystem
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Chapter 3. Image processing and classification applications in

aerospace nordestructive testing

3.1 Introduction

In aerospace industry, safety arediability are the most important concern. Very
little defect or fault can causeatastrophiadisastersAs a result, industry and research
institutions paya great deal of attentian product quality control armircraftmaintenance
Among a great numibeof parts, a@craft engineturbine bladesare the most susceptible
parts to defectsas they work in extremely high pressureand temperatureonditions
Regardless of its size,ig of critical importance in transfonmg heat into power energy. Its

safetyis always the first priority of aerospace industry

In aerospace industry, preventive measurddDT method is applied to detect
discontinuities in an earlynanufacturingstage.NDT can evaluate a material, part or
system without damamgg the test pieceCommon NDT methods arePl, ECT, UT and
MPI. Compared withthe other popular NDT method$-Pl is comparably cheap and
more efficient for turbine blade detectiotihan ECT and Ultrasonid@ husit is suitable for
detecting turbine blade surface discontilmsi. However, FPI requires numerous labor
forces inprocess,jnspection and analysis procedurEsen though some automated FPI

systemsare alreadyn operation to a certain extewith high quality the final inspection
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and evaluation of the FPI resu#igestill carried out by human inspectoiidus, advanced
automaticinspectionsystemi s needed to ease the human

provide the inspection results precisely and efficiently.

In thischapterwe havedesigned andevelopedan Advanced Automatic Inspection
System(AAIS) particularfor FPI analysisto aid human inspectof.he sample images of
FPlturbinebladeand couponaretakenunderultraviolet light after automated FPI process.
Typical indications are bright green warioustypes, such as cracking, dusting, pit, cold
shut, hot tear and so oMo accomplish the task of detectiagd classifing indications
from complex background and noise in turbine blade FPI image$iave developedn
AAIS which contains4 function parts: mage processing, image segmentation, feature
extraction and classification.In image processing, we compaiiee standardRGB to
grayscale function with color components method, combine wavelet with median filter
noise reduction, and enhance processinglteesuth Gamma transformation. In image
segmentationye combinentensity thresholding, gradient eddetectionand subtraction
approach together. &developan OtsuAdaptive Thresholdingvith CannyEdgeDetection
andErosionDilation-Subtractiormethodto achieveheindicationimagewith good quality
In the end, we develofeature extraction and classification functions to realize a
preliminary classification function to classify indications into 2 types and 4 classes
according to ASTM E4331 liquid penetrant inspection standardligure 3.1 shows the

flowchart of AAIS.

In this chapter, we will first review the basicsdaprocedures of FPI testing in
Section 2.The nain functions of AAIS: image preprocessing, image segmentation, feature

extraction and lassification will be discusseid Section 3. InSection4, the results from
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sample turbine blade images and field testing willgbeen and analyzedA software

interface will beintroducedas well.

Image processing

o Image Segmentation
T (Improved RGB spac~
eI (Top-hat

Enhancement and transformation)
Noise reduction)

Image Segmentation
(Otsu Threshold +

b_f
Vo
ﬂ Canny Edge Detection)
. \ Feature Extraction
Display results to AT i (length, width,
Human supervisor for position, area,

further inspection (ASTM-E433 Standard) perimeter, circularity,
aspect ratio)

2

Figure3.1 System flowchart of AAIS

3.2 FPI testing

FPlis oneof the mostwidely usedNDT methodsin aircraft maintenancé=Pl isa
chemical procedure designed to detect surthseontinuitieson nonporousspecimenin
some critical parts likeengineparts, smalldiscontinuitiesare important to their safety.
Discortinuitiesdlength commonly ranges from 0.1mm to 5nifhe dscontinuities in his
kind of sizecamot bediscoveredoy humanVisual Inspection (VI) The contrast between
thediscontinuities andhe background surface isormallytoo small to belistinguishe by
humaneyes. FPI can solve this problefwy applying fluorescentliquid on the surface of
specimen to increase the contrast between discontinuities and background so that they can

be observed undéfV light by human inspectors

When applying FPI, suate preparation igsuallythe first step.One must make
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sure that the surface is free of agntaminants that may restrliquid penetrant to enter

the discontinuities. Water, oil or other chemicals remain on the surface maytimeask
discontinuities In order to clean the specimen, solvent cleaner and ultrasonic cka@ner
applied. After cleaning, liquid penetrantll be sprayed on the surface. Because of surface
tension, liquid will seep into smatliscontinuitiesslowly. After certain dwell time (atond

30 minutes), penetrant remain on the surface should be removed by solvent cleaner. This
step is criticaland trickysince one should remove all surface penetrant but not inside the
discontinuities Lack of cleaning will bring lots of noises, and ovéaming will remove
penetrant inside thdiscontinuities The developer will be applied tonake the penetrant
inside discontinuitiesstart to bleed out. This will makaiscontinuitiesvisible by human

eyes under UV light.

In this research, we usBSPOTCHECKO penetrant ingection products from
Magnaflux (Figure 3.2). Specimen will be viewed under Wyht; and a camera is
connected to the computer aoquireFPI results (Figure 3.3)n Figure 3.4, a coupon is

processed and viewed under UV light.
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Figure3.2 FPI chemicals: Water Washable Penetrant, Developer, Solvent Removable Penetrant and
Solvent Cleaner (From left to right)

Figure3.3 FPI inspection systendV light, Camera and Computer (From left to right)

29



Figure3.4 Coupon after FPI process: under visual light (up) and under UV light (do

3.3 Main functions of AAIS

The main functions of AAISinclude four parts: image prprocessing, image
segmentation, feature extraction and classification. In this section,ilivpre@sent those

four functional parts idletail
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3.3.1 Image pre-processing

FPI resultimages are standard RGB images with similar color scales.
indications are bright greerand background is comparatively datkstead of using
standard RGB to graydeafunction(Equation 3.1)we found thatgreen components from
the original RGB imagecan enhance the greemmdicationsin FPI result image. The
grayscale imagegesuls are shown in Figur&.5. The comparison of average intensity
from those results is siwn in Table 3.1As we can see, for the bright green indications in

this research, green componeatsbetter tharstandard grayscale function

Ol @b 680 (VAN 6 1. WY T PX'O T pad (31)

Figure3.5 Original RGB image, standard grayscale imagdgreen componer
of original imaggfrom left to right)
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Table3.1 Comparison of average intensity of indication and background

Standard grayscale imag Green component
Average intensity of indication 170.4089 190.8453
Average intensity of backgroun 96.3360 855783
D-value 74.0729 105.2670

To further enhance the grayscale image, we use intensity transformation function
mentioned in Chapter. Zhe ntensity transformatiomorks on single pixels and can map
input intensitiesaccording to a given functiohe fiLogo Transformation andGamma
Transformation (Equatior2 & 3.3) can easily enhance the intensity range of interest and
reduce the influence from background informat{&igure 3.6). In this case, we want to
have less details from background image €@owvintensity values) while retain the
indications (higher intensity valuedjigure 3.7 shows the Gamma Transformation results
withr .

Y Qofy @2 & € Q "Qafwo (3.2)
YQufy @2 "Q of (3.3

wherec is a constant(x,y)is the intensity value of pixek(y).
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Figure3.6 Gammafunction

Figure3.7 Gamma Transformation results with ¢

In the real situation, we may have some noises in the image. There are different
kinds of noise reduction methods, and 1pass filter is the simplest one. However, it may
bedim some edge information as well. Median filteaisery effective method in noise
reduction, and it can reduce noise maid keep the edge informatioim the project, we

implementmedian filter noise reductidiunction A 3-by-3 Median filter can be defined in
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Equation 3.4,
0 oo ' QQ QI plths fw (3.4

whered representpixel (X, y) and its &onneted neighbor pixels.

3.3.2 Image Segmentation

After being applied the imagpre-processing steps in the previous section, the
grayscale imags now have good contrast without noise. Image segmentation functions can
be carried out to extract region informatithereafterimage segmentation is the technique
to divide target image into constituent regioris. this project image segmentation
functions will extracttheindications from the backgroundn OtsuAdaptive Thresholding
with CannyEdge DetectionandErosionDilation-Subtractioroperationsaaredevelope and

will be discussed in thisection

ErosionDilation-Subtraction(EDS) methodis to extract the background image
from original imagefirst, andthento subtractwith original image to get the foreground
image.For exampleif we areonly intereseédin impulse signals like poistA andB in a 2
D signal as shown ifrigure 3.8,EDS will first obtain background signal, then do the
subtractionto generate thesignal of interest The result in Figure 3.8 only keeps the

impulse signals that wareinterestedn A andB.
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Figure3.8 Extractimpulse signals from aP signal using EDS: original signal (upper,
background signal (middle), result signal (lower).

Normally, in 3-D image processing, theackground image will be obtained from
curve fitting or surface fitting softwardn this chapter we have applied an advanced
morphological operation method which combines erode operation and dilate operation
(Equations2.8 & 2.9) together to eliminate foregund indicationsand extract background

image As mentioned in Chapter Erosion operation can thiran object in image while
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dilation operation can thicken the objedtvith appropriate size and shape of operation
structure element Skve caneliminatethe indicationsfirst in ercsion operation,and then
rebuild the background image with ditat operation. By this mean, we caegment
background image and foreground imagkile introducingless additional information

Figure3.9 shows theeDS operationprocedurs and resuk.

Erosion

v Dilation

Figure3.9 EDSoperation procedure and result

After applying EDS operation, we can obtain foreground image in gray scale. In
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this gray scale image we have the desired indicahodplenty of noisesife. penetration
remains on the surface) thaill mislead the system to make wrong decisions. To improve

the accuracy, it is necessary to do a further thresholding segmentation step totbescard
noises and keep the indications as much as possible. To do this we combine Otsu adaptive
threshold methd together with Canny edge detection method, to set up two thresholds

both in gray value intensity and gradient.

Thresholding is very useful in image processing to segment gray scale image into
binary image. It thissection thresholding is used to obtaininary information of
indications from gray scale foreground imageintensity space Otsu adaptive threshold
method is based on the histogramalysisof the gray scale image. This method first
assumes a threshold to classify pixels into tatensity groups, and then computes the
betweerclass variance to maximize this value. The maximum betwkess variance
ensures that the threshold can separate pixels into two classes in intensity accurately, i.e.

the foreground indications and background.

Edge etection is another effective approach in image segmentation. This approach
segmentghe image in gradienspace Typical edge detection methods are Robert, Sobel
and Canny edge detectio@ompared with the other two methods, Canny edge detection
performsbetter edge detection by its double thresimg@énd connectivity analysis. Canny
method first applies a Gaussian filter to smooth the image, where the user can choose
according to the size of objects. Then it computes the image into gradient map. After
selectng two thresholdsY and”Y, the algorithm considetbe pixels with gradient higher
than™Y to be edge point® , while the pixels with gradient lower thary are treated as

normal pointsQ . Finally, Canny methodhecks theé3-neighborconnectivity in the pixel
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group™Q with gradient higher thaiY and lower thafilY to connectthe isolated edges.

Figure3.10shows the final result from image segmentation.

M dw Q dw Y (35)
M dw Qo Y (3.6)
N dw Q dw Qo (3.7)

whereC is the gradient value of pixel§ ,C andC are the three pixegroups

classified by and4 .

Figure3.10 Result of image segmentation

3.3.3 Feature Extraction

In the previous sections, whave discussed about image processing and image

segmentatiorfiunctions By applying thoséunctions AAIS can procesthe original image
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to obtaintheimagewith the indicationsin bitmap image. In this section, feature extraction
functions are introduced to measure the indicatidhg results of feature extraction will

be used irtlassificationfunctions andor aidinghumaninspecor for further detection

The first thing of feature extraction is the boundary following processg 8-
neighbour detectioror chain code Then the system cameasurethe objectwhich is
encircled by the detected boundalkjost of the detected objects repas the potential
defects.The useful features are center position, length and width, area, minimum enclosing
rectangle, aspect rati perimeter, rectangularityn this sectionwe will discussborder

tracing,minimumbounding boxdetection)ength,width andaspect ratio.

a Border tracing

Border tracing igo detect andabel each object in one imag&he result can be
used for further feature extraction procdssSection 3.4, we havealreadyobtainedthe
image processing result in bitmap imagke valie of indication pixels is 1 (white) and the
background is 0 (black)lo perform border tracing function we first remove all interior
pixels and leave only boundary pixefsneighbour connection check can detect interior
pixels and remove them. Figure 3.4ldlows how 4eighbour connection check works. If
all 4-connectedheighbourpixels of the center pixel are 1, the center pixel is considered to

be an interior pixel, and tregorithmwill remove it.
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* ! vt .
Figure3.114-neighbour connection check algorithm
Border tracing can beegpformed by8-neighbourconnection checlhich is carried
out in thefollowing steps:
1. Scan for the togeft pixel as start pixel of each objact Forobjectd , mark
the start pixel by giving a new pixel vali&e p.
2. Start from left neighbor of the detected boundargixel and perform 8-
neighbour connection check in clockwise directiira new boundary pixel is
detected and has valuergcord its position and assign vakie p to it.

3. Repeat step 2 until no more new boundary pixel is detected.

4. Repeat step 1, 2 and 3 until all pixels in the target image have been scanned.

In the resuktd image, all boundary pixels will be detected. Boundaikels from

object 0 will have its only pixel valuéQ p as a label to distinguish between each object.

Whenonerecord andrestoesthe location of boundary pixelghe chaincode is

very useful and efficiensince itrepresers each positionn only 8 digits Figure 3.11
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shows the operation of chain code. The code of this step is 7.

Chain code=7

Figure3.12 Proces®f chain code

b Minimum bounding box

After applying theboundary following process, the systelatecs all objectsin
i mage. T h e n toimeadwe theorklisatidoepresented by the object$he
minimum bounding boxcan measurtheround and rectangular indications in length, width,

center position and rectangularity. In this section, we will exgla@minimum enclosing

rectangle detectio

The mnimum bounding box is thenmllest rectangle that encloses thtgects in
the bitmap image. It can meastine object®center position, length and width, orientation

and rectangularity. As wkaveobtained boundary points in the previous sectwa,can
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first select one point as stiaag point, scanthe other boundary points and calculdbe
distance between them. Then the algorithm goes to the nextgfaoint. After all points

are scanned as stagd point, we mayfind the longest distanceetween two boundary
points. These two points are the endpoints of the main axis of this object and the distance is
the length(Figure 3.12) We can scarthe remainng boundary points and calculatke
distance betweetine pointsto the main axis, selecteéHongest distance from both st

the main axis as the width of the minimum boundary box.

g
N - \ r
= “
T—
f .
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Figure3.13 Minimum boundary box

Rectangularity is a measurement reflects the shape of the objéctthe
relationship between the area of object and the area of thenam bounding box
(Equation 3.8 It ranges from 0 to 1t takes on a maximum value of 1 for rectangular
defects, pi/4 for circular objects and becomes small for slender or curved dijects

cracks

vo— (38)
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whered is the area atheobject, 0 is the area of thminimum bounding box.

c Length, width and aspectratio

For round or rectangular indications, the lengtthes longest straigHine distance
of the indication.It can be measured bthe minimumbounding boxof the object as
mentioned in the previous sectioBut in some caseis this chapterwe mayhave the
indications such as crackvhose length is not the ame as the minimum enclosing
rectanglé length, butepresentshe pathof the crack Hence we need to find the length of
this type ofobject One effective way is to generate skeletar of the objectby using

Thin function.

Thin function is a morphalgical operation which catiin an object to its skeleton
Thin functionis to erode the target object by rotating structure elements shown in Figure
3.11 The algorithm continues performing therosionfunction until no further change

occurs inthe targebbject Figure3.12shows the result afhin function.

| | X X
XX
XHX

X

X

X
X X X

Figure3.14 Structure element dfhin function X represents pixels not necessary to :
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Figure3.15 Result of skeleton extraction witfhin function

From the skeleton image, the system can measure the length of the indication
accurately. With the length and area of the indicatwe,can calculate the approximate
width of the indication by EquatioB.9. The aspect ratio is defined by EquatidriO,

whichis a critical value measimg the sharpness of the indication.

o 0T (39)

5 0T (3.10

whereA andL are the area and length of an indicatiespectively

3.4 Classification

With the features extracted from bitmap images, the system now can perform
classification functions. In this specific problem, we have plenty types ofainais from

turbine blade, such as typical cracking, dusting, pit, cold shut, hot tear and drosthéwith

44



features extracted from FPI process, it is impossible to classify all the indications into
specific classes. In thishesis we perform preliminary lassification to classifythe
indications into 2 types and 4 classes, according to AEBSB Standard Reference

Photographs for Liquid Penetrant Inspection reapproved in [B003

ASTM-E433 Standard Reference Photographs for Liquid Penetrant Inspecaon i
specific standard set for classifying actthracterizingndications detectable by penetrant
inspection method, which is adopted in tthesis The detailed classification criterion is

showed in Tabl&.2

Table3.2 ASTM-E433 Standard Reference Photographs for Liquid Penetrant Inspection

Type Class
Neitherdimension is greatehan A Single
| three times the other. B Multiple unaligned
One of the dimensions is greater | C Multiple aligned
: thanthree times the other. D Intersection of surfaces

ASTM-E433 standard will classifyindications into two types, Type 1
roundrectangular indicatiamand Type 2slender indication3/Ve can refer taspect ratioY
mentioned in he previous section. I8 o, the indication is Type ,lotherwisethe

indication is Type 2.

The Single and Multiple indications classification is to detect whether there are

several indications in the same user defined area. Inhbsss instead of scanningvery
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part in the image, we only scan the are@ashe neighborhood oéach indication. The
algorithm traverse all the indication detected in previous sections, applieimes of
dilation operation to each of them to cre#tte neaby areas, and verifies if those areas are
connected to each other. If so, those indications are classifiedlagle indications. The

number of dilate operation timescan bechoserby human supervisor

Figure 3.14 shows an example of multiple indimatdetection. First the algorithm
selecs one indication in the top left picture as initial objehd then performs dilation
operation to create a nearby area for initial object as shown in bottom right picture. Finally,
the resuked neighborhoodarea wil be appied to the input imagelf there are any other

indications in the area, they will be classified as multiple indications or group indications.

Class D indication intersectswith boundary the algorithm needs to be able to
define the boundary dhe part. We can refer tiie results fromprevious Sectior8.3.2
Image Segmentation. In that section, we succdgsksgment the foregrouna@nd
background imagé&om the input imageln the background imagee can easily find the
boundary of the part bgpplyingedge detectiorBy matching two images togethexe can

detect the intersectiotetween indications and boundarfese Figure3.15.

46



)

ll
{
4

Group indications

Figure3.16 ASTM-E433 Standard Reference Photographs for Liquid Penetrant Insg

Intersect with boundary

Figure3.17 An indication is intersected with boundary of part

The most difficult classificatioms to classifybetween Class B and Classi@, to
classify themultiple indications into unaligned and aligned cladere weimplement

Hough transfornior line detection

47



When we look at an iage, it isa 2D or 3-D matrixin spdial spaceEvery point in
the imagehas X y position and its intensity valuet is easy for human eye to recognize
the color andshape while relatively hard for machine. In order to overcome this problem,
Hough transforntanmap image in spatial space irgerimeterspace tgerform partialar
shape detectiorzor examplejn this project the algorithm is expected ttetectthe close
parallellines in an imageHough transforré solution is tdransform this image intorc
spacewherem s the slope and is the intercep{Figure 3.16)In the x-y spacethe points
share the samm andc values if they are on the same line. m-c space point (& , Q)
stand fora line in x-y space If the value apoint (& , ®) in m-c space i, that means we
havet points on line(d , ®) in x-y space In x-y space, we can detect the lire (@)
(Equation3.11). In the real situation, the difficulty lies in that can be infinity i.e. line
x=2 cand be present im-c space SousuallyEquation3.12 is usedto transformx-y space
into a polar coordinate space:—space!” is the radial coordinate ardis the anglar
coordinate In this cas€ and—can represent every possible linexig space Figure3.17
shows an example of Hougdnansformin detecting the long side and short side of
rectangles. In the parameter spat@ highlight points at— 710 standsfor 16 long side

linesin the original image
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slope=m

4

intercept=c

xy space mc space

Figure3.18 Hough transform maps points teerspace

® a6 O O aze @ (3.11)

" ZQE | 2l 0 — (3.12)

40 2 4 20 0 ] 4 L] L

Figure3.19 An example of Hough transforfor line detection
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In thisthesis we detecthealigned indications by perforimg Hough line detection
from skeletons extracted Bection3.3.3Feature Extraction. By measuring ttistance of
points in parameter space, we can measure the closeness of two linear skeletons. For some
complicate indications which have branches, we divide the indication into branches then
perform Hough line detectioffrigure 3.18 shows the detection ofl@anch withthe other
indications. In this sample, the branmhthe top right image is aligned with the indication

atthe bottom right image.

Figure3.20 Aligned indication detectiona complex case which the indication has seve

branches

35 Software interface and results

In order to display the testing result andl dduman inspector, aser friendly
software interface is designed this thesisto show image processing procedures and

classificationresults(Figure.10). The interface is developed in Matlab GUIDE.



Folder: ¢, \UserslumrootDesktop| Thesist2012-8New folder image 24jog | Open Folder @ pic L3 Coupon
Position (244322)
Length 22 4598
Width 53420
Area 120
Peim
‘erimeter 58,5260
Theta
11.3000
Rectangularity 0,588

Circulanty 28545
Aspect Ritio 42037

Type Slender

Class Multiple
Original Image: After image processing

Aligned Aligned
Intercept with boundary Yes

Classification Result Type 2 Class D

Time 20501

Density 0.37037

Start Show result

E ]

Original Object After image processing Skeleton

[
Mext image | Previous image

Next object Previous ebject

Figure3.21 AAIS software interface built in MATLAB GUIDE

In the interface, we integratall the functions and show the image processing
segmentationfeature extractiomnd classificationresults. On the left of the interface, the
image resultsare shownstep by stepOn the topright part of the interface the feature
extraction resultare displayed such as Center position, Length and Width, Area, Minimum
enclosing re@ngle, Aspect ratio, Perimetand Rectangularity. Theébottom right part
shows the clasfication results.The interface can process all the images in a folder
specified by useand obtain the classification result automaticallizis well designed
interface eases human i nspector 6s wor k

classificaton and measurement.

As a result, in the 44 testing imagesovided from the industrial partned Pratt

Whitney 223 indications are correctly detected, 21 indications are not detected or
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incorrectly detected Among the correctly detected indications, 211 ioakions are
correctly classified while 12 indications are incorrectly classified. The final detection rate
is 91.4% and classification rate is 94.6%he results are accepted by our industrial

partners.

Figure3.22 FPI tests on coupon samples

Field tests on coups withthe same materiadnd similar size of defects have been
taken as a demonstration of FPI testing and image processing and classidilcatiahm
There are 6 coupons and 4 cratkatare found by FPI tes@ndall of them are correctly

classifiedby the algorithmSamples and image processingsults are shown in Figure 3.22
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3.6 Conclusion

In this chapter we successfullydesigned a\AIS for Turbine Blade FPI analysis
with high accuracy and efficiency. Imageeprocessingfunctions are implementg to
enhance green indications, smooth the image and reduce noise. Image segmentation
functions combine morphological operations with Otsu adaptive threshold method and
Cannyedge detection to segment input image into background image, foreground image
and indication bitmap image. Feature extraction functiare developed for the specific
problemandclassification functions developed talassify indications into 2 types and 4
classes accordingo ASTM-E433 Liquid Penetrant Inspection StandaAd.softwae
interface is designetb control and display the process. The systertested by both
samplemagesand FPI results from couple

The test results demonstrate thia¢ tdevelopedsystem can automatically detect
indications from turbine blade FPI resultgye accurate measurements and classification
into 2 types and 4 classes according to ASEAB3 standardThis system can aid human
inspectors to perform FPI analysffectivelyin measuring useful features and classifying

indications.
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Chapter 4. Image processing and classification applications in

honey beecolony health monitoring

4.1 Introduction

In Canada honey bee industry is an important part of @asinty& agricultural
production, make<anadathe worlds twelfth-largest producer of honey. According to
recent researchCanadiarbee keepers suffer from Colony Collapse Disorder (CCD) in the
past few years. Over the winter of 26B809,Canadiarbee keepers lost 33.9% of colonies,
twice the normal rate of winter losses. In some prodsceh as Alberta, New Bnswick
and PEI, the number exceeds over 40%. Biologists and experts have proposed and
examined numerous causes of this winter loss, until now we are sure that no single factor is
the causeHencemonitoring and detection dhe diseases anthe disorder § critical to
prevent more loss and control tl®lony number.To prevent disease and identify
unhealthy colonythe bee keepers work day by day to examine eeetgny, which costs a
lot in terms oftime and money. A much moreffective and economic solign in bee

colony monitoring is highly needed.

In North America honey bees are always kept in brood boxes whmmally
contain 10 mammade framegFigure 4.1) In each frame there are 2000 to 3000 empty
cells to let bees build their colony. To inspkeglth conditiorin a colony, beekeepers will

open up a brood box and take the framartalyze The frame in the middle always has the
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biggest brood area since the whole brood is olive like-ih space Beekeepers need to
measure the brood area again& thole frame area aralso the unhealthy (uncapped)

cells against the healthy (capped) cells inside the brood area.

Figure4.1 A broodbox with 10 marrmadeframes

The brood area consists of bright cobapped cells with uncapped cells. A healthy
colonybés brood area is big and the capped
(Figure 4.2). The beekeepers will decide the brood area and measure the area with the
traditional rules. Meanwhile theyoantthe capped cells and uncapped cells in the brood

areamanually Then they willcalculatetwo percentages:
—bp 01 € OHNRPTRYE OAADGBN QW (4.1)
—bp 61 € &d0OENMQOTIYE 00I0E &Q a i (4.2)
Based on the above two percentageytwill make their decision by comparing those data
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with empirical standard® detect the health condition.

Figure4.2 A healthy brood sample

This process is time arddborconsuming. It normally takes 50 minutes to evaluate
one brood, and there are hundreds and thousands broedibax farm.That will take
hundreds of hours to inspect a whdéem. By the way, humarcannotmake accurate
inspectionall the timeespecially after long working hourk order to increase the speed
and accuracy of the whole procese collaborate withNovatek Internationaio design an
advanced bee colortyealthmonitoring system which consists of hardwaredasoftware
parts. In the hamlare partwe set upan inspection box with cameras, where one can insert
a brood frame and take picture in standard lighting and definition condition. In the software
part, we havemplemented automatic inspection function which includes extracting brood
area, inspecting the uncapped cells inside the brood and making decision whether the brood
is healthy or not. The images we have processed are providina mdustrial partner

Novatek Internationalwhich stand for typical beehive health conditions under different
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kinds of situations.However, he images are taken under agmform conditions. Hence,

we may face different definition, contrast, lighting conditions, and sometinees #dre

bees in the image. To solve these problems, we have implemented different image
processing techniques such as, gray saakege, noise reduction, adaptive threshold,
morphological transform, curve fitting, and Hough transfomthe decision stepwe

implement artificial neural network to classifgages and give the final decision.

In this chapter, we will introduce the hardware setingpection box with camera
in section 4.2. In section 4.3, image preprocessing functions will be explaindg. bnef
section 4.4the brood area will be segmented out of frame image ustge detection,
curve fitting functions, adaptive thresholding and morphological operatiosgction 4.5,
feature extraction of circularity will be carried out widough trasformcircle detection to
detectthe uncapped cells in the brood arda section 4, 6 images provided by our

industrial partner will be testednd theresults will be presented.

4.2 Brood frame inspection box

As merioned in the introduction, beekeepersed to take out a single fraraad
inspect health conditiorin this project we need to take pictures of each fraifecontrol
the lighting of picture and guarantee all pictures will have unified high quality, we
designed an inspection box (Figure 413)e box has a frame slot in the middle, two digital
cameras at both sides with LED lightensmurcesAnd the box is portabjet& easier for

beekeepers and researchers to carry between farms and research centers. Whag aspect
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frame, one can insethe frame into thelot and take pictures. This inspection box will ease
beekeepe®vork and ensure the quality of the pictures whickrigcal in the following

imageprocessing steps

seind camera

Prepared Baox Tar taking piciures

Figure4.3 Inspection box with cameras

4.3 Image pre-processing

The sample images of brood colony which we use in this project stand for different
situations, different lighting conditions, definitions, contrast and color. So the first step in
the softwaredesignis to obtan gray scale imagesith goodquality for further processing
work. The pre-processing procedure contains three functioms, 1. transformng RGB

image into gray scale image,noise reduction an8. gray scale modification.

The sample images astandad RGB images, which ig a 3D color spaceSince
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processingheimage in RGB space is complex and time consuming, we need to transform
the images into gray scale color spaeng Equation 2.4Then we applythe similar

procedure in Chapter 3, noise uetlon functions.

.. B F, "

Figure4.5 Noisereduction byMedianfilter with Waveletapproach

After we obtain thenoise reduction resultontrast enhancemerst necessaryor
enhancing the imagén this section we will implement histogram modification function.
Compared withthe other intensity transformation functions suchGammatransformin
section 3.3, histogram camprovecontrastof poor contrast image$Vith good contrast, it
isrelatively easyto do further processing such as threshold or edge detethiermethod
will first draw histogram and mark the highest and lowest gray scale wdlan image.
Then it will extend the histogram Wto 255 Figure 4.6 shows an example of histogram

modification.
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Figure4.6 Original imagegray scale imagandhistogrammodification result

4.4 Brood area detecton

Brood area is tharea where honey bees liva brood frame images, brood area
mainly contains healthy capped cells, unhealthy uncapped cells and bees or other objects

under some circumstances. A beekee®sd tadentify this area andount the numér of
capped cells and uncapped cetianuallyand calculate— P and—P to evaluate the

condition of one brood. Ithe developedystem, we try to follow the same procedure in
software by using imagsegmentatioriechniques. The first goal weeed to reach is to
detect brood area boundary automatically in software. We have tried different techniques to
obtainthe brood boundary, edge detection filtering, adaptive threshold and morphological
transform. In some casesjsthard to get a good badary, so further we have applied the

curve fitting functions to deal with this situation.

4.4.1 Edge filtering
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Edge filtering is the most basic and popular way in edge deteésomentioned in
Chapter.3Canny filter is a double threshold methaxadit hastwo thresholds and a sigma
value to change the size of a Gaussian filter. The Gaussian filter will smooth the image at
first, so we can change sigma to ignore the cells information and only consider the brood
boundary. By modifyinghe sigma and two thré®lds we obtain theresult as shown in

Figure4.7.

Figure4.7 Canny edge detection result

Even though wéavetunedthose perimeterBy trial and errofor manytimes, the
result is still not veryesirable One reason is thate needanenclosé boundary in ader
to carry out the area calculation and further uncapped cell detectithre fasult there are

a lot of discontinuous boundarieso®e of themmay becaused by the frame, which is
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small and easy to conne@thers are caused by empty cellscell, 2 @lls big or even
bigger, and there may be some noise other than #dgeimpossible to findraeasy way
to connect these gaps, so we turn to an alternative solution: adaptive threshold with

morphological transform approach.

4.4.2 Adaptive threshold with morphological transform

In order to get better results in brood boundary detection, we tniedternative
way. In the gray scale image, there is a difference in gray value between brood and frame,
which enablesthresholdhg to segment the brood. Here we ude Otsuadaptive
thresholdingnethodfrom Chapter.3o performthresholding to the gray scale brood image

Figure 4.8 shows the result after thresholding.
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Figure4.8 Otsu adaptive thresholding result

Form the result we can see there are small gaps caused by franmapMfment

erosion function to thin the frame and reverse the image Figure 4.9.
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Figure4.9 Image erosion and reverse result

Now the brood area is surrounded by white cells. We can implement dilation
function to further eliminate gaps between cells. The brood arebecaiosed this way,
then we can eliminate other cells and get the accurate brood boundary image. Figure 4.10

shows the process and result of boundary detection.
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Figure4.10 Result of brood boundary detection

In some cases, boundary detection may be interrupted by witapls. In Figure

4.11, the detection resut redis incorrect andthe boundary at the bottom of this brood

should be near the blue line. The boundary is blocked by empty cells in §ieea.the
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brood area is always similar to ellipse shape,fit the detect boundary to an ellipse and
use this ellipse to replace the incorrect part of the boundary. The result still has some

errors, but it has been improvesignificantly andcan be accepted for broadeadetection.

Figure4.11 Result of ellipse fitting function

As a result, we successfully obtained acculat®d boundary informatiorfrom
input frame image We can calculate— P from the brood area from the result. This value

gives a general idea of how well is one brood grows in early development stage.
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4.5 Brood area detection

The wncapped cell is the empty cell in theoodandit is an important evidence to
tell if a brood is healthy or not. In the fietdsting beekeepers will count the number of
uncapped cells and compare this number withl brood @ll number. In thedeveloped
algorithm after we have detected the brood boundary, we process the brood image again

using Otswadaptive thresholdingnethod to getheinformation inside brood.

After we detect andabel all the objects inside brood and ma&the features such
as areaperimeter and boundary pixelse can findthat there are mainly three kimadf
objects remaining in the broothe circular objects which has the area around the average
cell arearepresentinghe uncapped celsome arc ofan-shaped objects alsepresenting
the uncapped ced| the noise objectcaused by beeasnd frame. The object caused by the
beeis large and shapeles®d the objectaused by frame is very tinye need to analyze
the shape of an object to distingulsttween uncapped cells and noigégure 4.12 shows

all three kinds of objedh brood area
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Figure4.12 Circular uncapped cells, noises aug or fanshaped uncapped cel

4.5.1 Circular uncapped cellsdetection

Unlike theother two kinds of object in the brood area, circular uncappedacelis
specfic shape and area, whicre easier tobe deteced There is a very usefdéatureto

detect circular objects: circularity.

For the circular uncapped cell detection, we measure the circularity in the objects
which has the area over 80% of the averageculErity is a parameter whictoughly
describes the shape of an object.

6 0710 (4.3

whereP is the perimeter of the objed,is the area of the object. Circularity takes on a
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minimum value o#*pi if the object is a circleThe shape of an object becomes more
complex with bigger circularity value. In this way, w@n easily detect the circular

uncapped cellamongthenoises and arc objediSigure4.13).

SR 4
Figure4.13 Circular uncapped cells detection

4.5.2 Arc or fan-shaped uncapped cell detection

To detectthe arc or farshaped uncapped cell, we could not judge from its
circularity value since the shape is complex. Herergfer toHough transfornwhich we
implemented in Chapter.3 in line detectidm this section we will use Hough transform to

detect arc and fashape.

Hough transform has the ability to detect many kinds ofeshadp means that we
know the equation of a certain pattern, aaré able to transform the image into this
particular parameter space, we are able to detect this certain pattern in Hough transform.
For the arc and falke shape, we transform the ageinto a 3D parameter spacab-r

space (Equatiod.4), where &, b)is thecenterpoint of circle and is the radius of circle.
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The algorithm will scan every point in the input image as center @jrd), and at this
point certain range af. Thenit will set step and rangeand scan the points around the
center(a, b with radiusr to detect the arc. In this way, we are able to detect arc and fan
that have the radius around the average cell radtigure4.14)

G o 1z2hET —
O @ 17i QF — (4.4

Figure4.14 Hough transform detect the arc or fan like uncapped cells

As a result the algorithm successfully detects all uncapped cells inside the brood
area. Then it can calculate another important percentage vatue: With the results

from Section 4.4, we cgmroceedo decisionmaking step in the next section.

4.6 Artificial Neural Network decision making

In the previoussections we successfully dect the boundary of brood and

uncapped cells, we can make decision accordingtd® and— P mentioned irSection

4.1. In the fieldtesting the beekeepers will compare-b and—PpP with the brood
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growth empirical data to decidéd status of the brood. In the software, we implement
artificial neural network to increase accuracy and robustness of the final deneskomg

ANN is a widely used tool in pattern recognition andsieasy tde trained and usd as
classifier(Section2.7). In this project, we use—pP and—P as the input of the ANN,

andtrain the ANN byBackPropagatiortraining method (BR)The trained ANN can be
used for health condition detection. Then we implement this ANN into our software to

make thdfinal decision.

4.7 Software interface and test result

A software interface is developéu this thesigo showall the procedures aritie
processing resulfFigure 4.15) The interface is developed in Matlab GUIDEhe top left
of the interface shows th®ood boundary detection resulhetop rightareashows the re
processing result inside brood area and the bottoeshows the final result of uncapped

cells detectionThe cetection resustincludebrood area, brood cell number, average area of
cells,—P , uncapped cell number—P and evaluationdecision. The interface will

process all the images in a specified folder disglay theresuls automatically withina

few seconds.
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Advanced_anomaly_detection_for_bee_colonies = i

Boundary Detection

Criginal Image with Boﬁc\!}:g?elgﬂtelrgﬁau esu

stat | Total brood cell (TBE) 1315167

| show resut | TBCAFC 76,8585 | %

65.7584 | %

| Next image | TBC/TFC (2000 ce

Brood Hole (BH) 68

EHTBC 52782 | %

[ Part of brooa|

Uncapped Cell

Average size of cell (pixel) 193.0508 Detection

‘ New frame |

——— Avexage diameter of cell {pixel) = 15678
[ noisey image |

) ANN Decision
L=t ontrol buttons

[ Potygon ft

healthy

Figure4.15 Software interface

To test the systed capability andobustness6 pictures standg for typical cases
in the field work have been processé&tiigures 4.16 to 4.21 show the testing results for

those sample pictures.
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Figure4.16 Result of picture 1Arc or fan-shaped uncapped celétection

the brood area detection is accutatde the brood area, some

In Figure 4.16

dAlndr fanshaped uncapped c=ll

small noises caused by frame have been remove

the final decisiors

iIs 5.28%

are detected by the system—b is 76.85% and—P
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healthy.

Figure4.17 Result of picture 2big noises from bees

In Figure 4.7, the big noises caused by bees staying on the brood frame have been

eliminated by the system—P is 57.466 and—P is 1.0®%6, the final decision is
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healthy.

Figure4.18 Result of picture3: low contrast and definition

In Figure 4.8, thepicturg®s contrast and definition are very low.aktbrings a lot

of noise to theaesult. Brood boundary detection needs assistance from the ellipse fitting
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function — b is 72.78%6 and— P is 8.20%, the final decisioms healthy.
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Figure4.19 Result of picturet: Arc or fanshaped uncapped celétection

In Figure 4.9, the brood area igery small compared with the whole frame-p
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is 6.1®6 and— P is 3.7, the final decision ignhealthy.

Figure4.20 Result of picturés: unhealthy brood with

large number of uncapped cells

In Figure 420, thereare large number®f uncapped cellsnside the brood area
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—P is 38.79%, the final decision ianhealthy.

Figure4.21 Result of picturés: brood boundary interrupted by
uncapped cells

In Figure 421, the brood boundary is interrupted by uncapped catid,thebrood

area detection issaisted by dibse fitting function Inside the brood arelrgenumbers of
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