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Abstract

Abstract

Excised human skin can be used as a model to assess the potency, immunogenicity
and contact sensitivity of potential therapeutics or cosmeticgia the assessment of
histological damage. The current method of assessing the damage uses traditional
manual histological assessmentwhichis inherently subjective, time consuming

and prone to intra-observer variability.

Computer aided analysis has thpotential to address issues surrounding

traditional histological techniques through the application of quantitative analysis.
This thesis describes the development of a computer aided process to assess the
immune-mediated structural breakdown of human skintissue. Research presented
includes assessment and optimisation of image acquisition methodologies,
development of an image processing and segmentation algorithm, identification
and extraction of a novel set of descriptive image features and the evaluatiof a

selected subset of these features in a classification model.

A new segmentation methods presentedto identify epidermis tissue from skin
with varying degrees of histopathological damage@mbining enhanced colour
information with general image intensity information, the fully automated
methodology segments the epidermis with a mean specificity of 97.7%, a mean
sensitivity of 89.4% and a mean accuracy of 96.5% and segments effectively for

different severities of tissue damage.

A set of 140 feature neasurements containing information about the tissue
changes associated with different grades of histopathological skin damage were
identified and a wrapper algorithm employed to select a subset of the extracted
features, evaluating feature subsets based v prediction error for an
independent test set in a Naive Bayes Classifidihe final classification algorithm
classified a 169 image set with an accuracy of b, of these images 20 were an
unseen validation set for which the accuracy was 86%. The final classification
method has a comparable accuracy to the existing manual method, improved
repeatability and reproducibility and does not require an experienced

histopathologist.




Acknowledgements

Acknowledgements

Thanks to my supervisorsat Alcyomics,Prof. Anne Dickinsam and Dr. Xiao Nong

Wang, for spending time to train me in manual histopathology, manually grade

images and provide valuable insight and advice in addition to their sponsorship.
acknowledge support frommy original academic supervisorsat NewcastleProf.

Elaine Martin andDr. Ming Thambut particular thanks goto$ 08 #EOEO [/ 6 - Al
who stepped in to providesupport, feedback and advicevhen I neededit) 6 A Al Ol
like to thank Prof. Gary Montague for providing encouragement, support and not

letting me giveup. Thanks also to Dr. Trevor Booth in the Bioimaging Department

who sat patiently with me whenever | forgot how to use the microscope.

My fellow EngD students have been a huge help, providing encouragement, advice,
understanding and plenty of distractionwhen required. Meeting such a great

bunch has been one of the best parts of the programna@ad will be an enduring
network in my future career.l amalsovery grateful to my bosses at Centre for
Process Innovation for allowing me time to get this thesis wtten up and pushing

me to finish and submit.

)y 6A 1T EEA OI OEATE AAA & O AT AT OOACET ¢ Ol

and mum for providing the initial inspiration for a career in science.

Last and most important is Sam, my partner, who has goterthrough all the hard

times andgiven me the best support anyone could ask for.




Dedication
47 $AAh OI OOU Ui & Ai O6i A1Td86 EITI1 A

unwavering faith and pride that | would gave me the push | needed.

Dedication




Table of Contents

Table of Corgnts
P 0o 1 = (o1 TR DR

ACKNOWIEAGEMENTS. ... e errrreeem e emmmmnmem e e e e el
9= To [ o%= 11 o] o AU ||
S 0 ) T[0T
LISt Of TADIES. .. .ot smeeee e e e e e e eenennnnn D)
(€1 01T T YOO URRPPS  §
Chapter 1 INtrodUCHION .........ccoiiiiiiiiii s ceeeeeemme e e e e e esmmmmeree e e e e eesennsmmmnnneee e LD
1.1 Academic Drivers for Research Project.........cccooeeiviiieemcciciii e 16..
1.2 Industrial Partner Z Alcyomics Ltd...........c.cceeiiiiiiiceemmcceiiicee e eeevvmeeeeenn 19
1.3 ResearchProblem and Commercial Motivation for Alcyomics Ltd......... 19
1.4  Project Aim and ODbJeCtIVES.........ccccevvviiiiiiceeeeee e veeeeemmmeeennnee . 20000
1.5 Industry Drivers for Research Project............cccccveiiicceeeeeneeeeeeiieenee el
1.5.1 Pharmaceutical INndustry DIVEIS..........cccoeevviiiiiimmeeeen e eeeenn 2
1.5.2 CoSmetiCS INAUSEIY DIHVEIS.......uuiiiiiiieeee e e 22
1.5.3 Chemical INdustry DriVerS...........couuuuiiiiiiimeeeeeeiiiii e 23,
1.6 ReSEArCh FIeld..........uiiiiiiiiieeee e eeeeee e e eernmmmmme e 23
1.7 Research Methodology and ApPrach............ccoeeeeeiiieceeceemiee e 24,
1.8 Research Significance and Contribution...............ooooiiieeeeeeeeiiie e 26....
1.10  Organisation Of TNESIS.........ccooiiiiiiiii e 21....
Chapter 2 Background and TheOrY..........ccovvvviiiiceeeeeemmeeeeiee e eemmccee . 2900
2.1 Histology and Histopathology...........ccooeeiiiiiiemmceeec e eeeeene e 29
2.1.1 Sample Preparation.............cccoeeeeiiieeemmmciiiee e eeeeevvmmmceeeen e eeennnn 29000
2.1.2  Colourimetric Staining and Brightfield Microscopy.............c.cc........ 30...
2.1.3 Grading inHistopathology.............ccccoiiiitieeeeeeeme e eeeeeeeeeeeennn. 3
2.2 Structure of human SKiN............ooiiiiiiiiimireeeee e eeeeeeeerrrrreene 0 32
2.2.1  The EPIderMIS....ccccuiiiiii e eceeeee e seemmmnes e e e s e e nnne 30D
2.2.2  The DermatEpidermal JUNCLiON..............cvvviiiiiicceeeeiiiiiiii e 34
2.2.3  The DeIMIS....i i eemmcc et rmmrneees e e e e e e e emnennnmme e e QD
2.2.4  The HYPOAEIMS. ......uiiiiiiieei et eeeeeeeeer e reeeeesens e eeeeen3D
2.2.5 Histopathology of the SKin..............cccoiiiiicccccc e 36,

2.3  Graft versus HOSt REACHIONS. .....vv et smeememen e eeen e B e




Table of Contents

2.3.1  Skimune skin explant aSSay............cccvvuvrmiccreemreeereeiin e eeeeeeenne e 3O
2.4 Digital Image Processing and Analysis Theory...........cccovvvviimceeeene e, 43.
2.4.1 Digital Image Representation..............cccoovvvieeeerremne e e eeeeeeen 44
2.4.2  IMAQE TYPES...ceiiiiiiiiiiiiii s ireeee e et eemennmmmr e e e e nnmmmmene s D
2.4.3 Image Resolution: Spatial@d INtensity............ccooorviiiiiemmmmmenne e 46..
2.4.4  Colour Image ProCessiNg........ccceeeeeeeiiiieeememmnneeeeeeeeeeeeeeeeeeeeeenn e Al
2.4.5 Colourspace Theory........cccuuviiiiiiiiccreeeeeeiiiimmmmmmmmee e A8
2.4.6  IMage TranSfOMMIS........uuuuuiiiiii it eeer e eee DD
2.4.7  Pixel Neighbourhoods..............uuuiiiiiicccceeeeiii e DD
2.4.8 Image Mean Filtering........cccouuviiiiiiieeeemcrecee e emmccen e eenn 20
2.4.9 Contrast enhancement Methods............cceviiiiiiiccceeeesiiiiiinn e eeeeen D7
2.4.10 Set and logical operations................ccuvvuiccceeeeereeeeeeviiie e e eeeeeennmeeennn 0L
2.4.11 Segmentation.........cccoceeeiiiiiiiiceeeees e e e et emreeennme e e e e e eeennnnens D3
2.4.12 Thresholding z A region based approach to segmentation............. 64.
2.4.13 Connectivity and mathematical morphology.................ccccvveeeee..... 66
2.5 Machine Learning, Feature Selection and Classification ddry...............Z71.
2.5.1 Feature EXIraction..........cccceeiiiiiiiicmceeeis e eeeeeiis s s eeeeeennmeeeeeennnneeeeeensfodan.
2.5.2  ClasSifiCation.............uiiiieiiiiieemcen et rmmreees e e e emennnnnnn s ]
2.5.3 Naive Bayes Classification..................uvummmmmmeeieieiieieiiiiinnnnmeemeeeee L9,
2.5.4 Considerations in Statistical Clasfication.............cccccevvvvimmmeceeeen. 80.
2.5.5 Feature SelecCtion........cccocvviiiiiiiiceeeeee e e eeerremmme e e eee O
2.5.6 Dimensionality Reductionz an Alternative Approach to Feature
Y= 1= ox 1o o PSSR PPRRSRRRRY 22
2.5.7  Classifier EValuation...............uuiiiiicccceeeeeeiieiiiis s 330
Chapter 3  Literature REVIEW.............cuuuiiiiiiieeeemcceiis e eevvmmmceeee e e eeenn e B0
3.1 Grading Variability in Manual Histopathology..............ccoouviiicceeeenene. 86.
3.1.1  SKin EXPlant ASSaY.......ccccccvviviiiiiieeceeeemee e eeenmmmmmernn e B9,
3.1.2 Alternative Methods to test forToxicity, Allergenicity and
IMMUNOGENICILY ..uueiiiiceeiie e cceeeeme e e et e s seemmmees e e een e e e enn s emnenmmmmren e eeens Q00
3.2 Digital Histopathology............ccooviiiiiiimmmmmmmmeeeeeieeeeeeeeieeeeeeeee e eeeeeeeeen 310
3.2.1 Challenges of applying Computer Analysis in to Histopathology....91
3.2.2 Colour Normaisation in Digital Histopathology..................euvuiieeeeeed 94
ICTZ20C TN S T=To [ 41T o] =1 1o o TS USPPPSRTRR © o




Table of Contents

3.2.4 Segmentation of Morphological Structures...............ccccvvcceeenenn..... 98.
3.2.5 Segmentation Of TISSUE...........ceiiiiiiiiiemmcceeiiee e smmrreeen e 99
3.2.6  Feature EXIraction............ccceuvvuiiiiccecememeeeeeiiine e eecesemmmcmeeenneeeeeeennn L0
3.2.7 Feature SeleCtion...........cccuuuiiiiiieecemmmmeeeiiine e eeevinmmmccsinn e eeeeeenn e L04
3.2.8  Classification..........ccooevviiiviiiceeeeer e eeeeiis e eeeernemmeeeeinn e e e e eeennnnnnee 04
3.2.9  Ground Truth......coooiiiiii e eceeremmmcec e eenmmeeeee D08
3.3 Imaging and automatedanalysis Of SKiN.............ccccovivicmmmmmenn e, 108.
3.3.1 Alternative Imaging Modalities..................coeirieeeeeeen e 108
3.3.2  Application of Image analysis techniques for skin histopathology110
Chapter 4 Data Generation ad Image ACQUISItION............ccccvvviiicceeeeeneeeeenns 113
4.1 Data Source: Skin Explant ASSay............cceeeeeiieeemmmmmeeeiiinieeeeeevieneneeeen 113
4.2 Image variation in skin explant data SetL...............coovvvmccceiiiie e 113.
4.3 Manual Slide Examination..................uuuuicccccceeeeevvvvvnnnnnmmmmmmmmmeeeeennn L17
4.4 Digital Representation Framework..............cccuviiiiceeeeeemeeeeevviineeeeeeeennad 17
N o RN S - 1 o o] 1 Vo U SPPPPRS 1  4
4.4.2 Multiresolution Image ACQUISItION............cccuvviiiiiceeeeeemme e, 119..
4.4.3 Whole Slide Imaging............coeeeeiiiiieeeeeeemn e eeeeeeeeseeeeeeeeee . 1409,
4.5 Assessment of Leitz Wetzlar Microscope/ Canon Digital Camera......121
451  Field Of VIEW......ccouuiiiiiiiiiiiccceeeen e erveennnme e e e e e wnmmmme a2
4.5.2 Magnification and Image ReSOIUtioN...............ooovviiicmmmmmenn e, 122.
4.6 Assessment of Ziss Axio Imager A2 SyStemL...........coevvvvvvvimmmmceeeeene. 124
4.6.1 Magnification and Image ReSOIUtiON...............cooviiiicmmmmmenne e, 124.
4.6.2 Image Tiling, White Balance Correction and Background Correction
126
4.7 Image Gradirg using Manual Approach..............ccoeeevvieemmmmeiiiieeeeeee 129..
4.8 Discussion of Data Generation and Image Acquisitian....................... 131
Chapter 5 Image Processing and Segmentation................ccooccceeeeemeeeeeennnnnn. 134.
5.1 Sample and Epidermal Segnmation: Method Development............... 135
5.1.1 Sample segmentation and Image Cropping...............oeeeveeemeeennn... 137
5.1.2  Colour Normalisation..............coeeeeiiiiemmmmcmmeiseeeeeeeiiimmmneees e eeeeenn J4A3
5.1.3 Colourspace CONVEISION.........cccuuvunieeeeeeernmmmeeesinneeeeseesinnmmmmnnsnnee 14D
5.1.4 Contrast Enhancement............cccovviiiieemmmmceeiiineeeeeeevvmmmcceese e AT
5.1.5 Linear Combination.............covveeviiiimmmmmcsieiseeeeeeeeenssmmmeeeeneeeeeeeeennn . A8




Table of Contents

5.1.6  Thresholding...........cocooviiiiiiieeeeer e eeeeeeemme e e e eemeeeee DO
5.1.7 Morphological Processing...........cccccuuuiiiieeeeeeemeeeeeeninseeessiennmmmmmeen D1
5.1.8 Object Classification..............ccoeuviuieeeeeieeeeeeeiiiiis s eeeeeeremeeeeeeennn . 1D3.
5.1.9  USEer INteraction...........uuiiieiiiiiimmceeies e eeeeii s sseeeene e eeeenn e eeee L D4
5.2 Epidermal Segmentation Optimisation and Evaluation....................... 154.
5.2.1 Generation of a Ground Truth Data Set..............oooeeeieeeeeeeeecnnn. 155
5.2.2  Performance MEetrCS.........covvuuuuiiiiiieeeeeemmeeeiiiin e e e eevemmmmmsren e eeeee LD
5.2.3 Optimisation of Algorithm Parameters.............ccoooeieiieeeeeeeeeceeennn. 157
5.2.4 Optimisation of Object Classification Rules....................ccceeeee.. . 167
5.2.5 Final Peformance Evaluation for Epidermal Segmentation.......... 169
5.3 Dermal Segmentation............ccccvuuuiicceeeeemreeeeeiiise e e s eeeesnmmmeesssneeeeeeenenn L TG,
5.3.1 Sample Perimeter Masking..............ccovvvvimmmmcceeieeeeeeeeiis s seeeeeenne . L 78
5.3.2 Dermal Segmentation: Method................cccooieeeeeeeeee i 180
5.3.3 Dermal Segmentation: Results..............ccovvviicceeeee e 183
5.4 Cleft Segmentation................uiiiiieeeereemeeeiiiiie e e e e viessmmmcmreiee e e e eeessmnnesa il 8D
5.4.1 Cleft Segmentation: Method.................cco v ieeememeiiiii e eeevveeeeeeen. . 186
5.4.2 Cleft Segmentation: Results............ccc.evvvvimmmccccceeveeeiiiiiiiiieeeeeee=... 190
5.5 Vacuole Segmentation.............covvvvirimmmmmmmmeeeeeeieeeeeeeiinemeemeneeeeeeeeeeeeennn 1920
5.5.1 Vacuole Segmentation: Method..............ccovviimmmmccc i 193
5.5.2 Vacuole Segmentation: Results............cccevvvicememmenn . 194
5.6 Sizebased Classification of Vamles and Clefts.................ooo i iceeeee... 195
5.7 Discussion of Image Processing and Segmentation...................ce.....197
Chapter 6 Feature Extraction, Selection and Classification.....................cc... 204
6.1 Feature Extraction andSelection..............ccccceeiicmcemeeeivveennnnnnicnneasn. 204
6.1.1 Morphological Features..............ccoovviiicceciee e eeeeeeee . 204
6.1.2 Texture FeatUres.........ccoooiiiiiiiiieeimeei e seeemmmmee e n 200
6.1.3 Feature SeleCtion...........ccoeviiiiiieeemmeeen e eeeeeeeeeeeeereeen e 210,
6.1.4 Data Preparation and Use ithe Classification Task...................... 211.
6.1.5 Methodology for Selecting Features...............coovvviceeemmceineeeennnnn. 212.
6.1.6 Model Estimation of the Naive Bayes Classifier.................ccccuu... 214
6.1.7 Testing of Predictive ACCUrag...............uuuuiiiiccmmmmmeeeeevenennnnnnenaaa 214

6.1.8 Results for Forwards Feature Selection using Cross Validation..214

Vi



6.1.9

6.1.10
6.1.11

Table of Contents

Wrapper-based Backwards Feature Selection using Cross Validation
216
Analysis of Feature Subset...........c.oooviiiiicceee e . 219

Wrapper-based Backwards Feature Selection using 10 fold Cross

AV £z [To = 1[0 ] o IR RUNRPR 2y

6.1.12

FINal FEATUIE LiSt. . ..o e 222.

6.2  Final Model TrainiNg.........cooeuuiiiiiiiiieemeemeeie e eeeeemmmce e e 0en 222
6.3  Final Model Validation.............coooiiiiiiiemeeci e smeeeeee e 2240

6.3.1
6.3.2

Investigation into Misclassified Images............cooovvviviimmmmmcceeeeeeen. 224

Investigation into Effect of Prior Probabilities on Classifier

P eI O MANCE ... 228,

6.3.3

Final Industrial Application of Image Processing, Feature Selection

and Classification Algorithm.............cooiiiiiiieeee e vcceeenn e 22

6.4 Discussion of Feature Extraction, Selection and Classification........... 228

Chapter 7

Final Discussion and CONCIUSIONS.........oveeeieie e 232

7.1 Discussion of Research Approach..............cooovimcceiiiii e 232

7.2 Assessment of Performance against Industrial Research Objectives.234

7.2.1
7.2.2
7.2.3
7.2.4
7.2.5

AUTOMALION ..t e smmmmene s 23
NON-EXPEIT USEI....ceviiiiiciiiiiiseeeeeeee e e e e semeeemmmme e e e e e 208
ACCUIACY. ... eeeeeeie e e et emmmmes et smmeneee e e e e ememmnnnme e e e AOD)
Repeatability and ReproducCibility..............coooviiiiieceeeeeeieee 236.
RODUSINESS. ... e . 230

7.3 Discussion of Academic Research Contributions............covevivieeeeee.. 237
T4 FULUIE WOTK .o e eeemenene 2. 238

APPENIX Ao eeeeemmme et e e e e e et mmmm— e e e e e ettt a————————reeeeearaa e e amanans
APPENTIX Bt ettt e ————— e e e e et e e e amnnens
Y 0] o 1= T [5G OO

RN (=] (=] (ST TP

240
242
245
247

viii



List of Figures

List of Figures

Figure 1.1 Diagram showing the key areas in which knowledge is required for the

project and the specific details of knowledge required...............ccoovviiceceeennenne. 24.

Figure 2.1 H&E stained section of normal skin at x40 magnification showing the
typical layers within the epidermis: the basal cell layer (statum basale); the
spinous layer (stratum spinosum); the granular layer (stratum granulosum): the
horny layer (stratum corneum). Image credit: Lutz Slomianka 1992009, Blue

Histology (http://www.lab.anhb.uwa.edu.au/mb140/) .........coovviiiiiiiiieceeeeeeeens 34.

Figure 2.2 H&E stained section of normal skin at x10 magnification showing the
epidermis and dermis. The dermakpidermal junction is highlighted and has clear

projections caused by folding of the layers.............cooo i ieceeeeeeiiii e 35

Figure 2.3 Section of H&E stained skin tissue showing changes associated with
grade | damage. The whole epidermis is outlined in blue; the stratum corneum

layer of the epidermis is outlined in yelloW.............c...vviiiiiceceeeemee i eeveeeeeeee 4L

Figure 2.4 Section of H&E stained skin tissue showing changes associated with

grade Il damage. Arrows indicate some of the sites of vacuolisation................. 41...

Figure 2.5 Section of H&E stained skin tissue showing grade Il changes, typified by
extensive cleft formation at the dermalepidermal junction. Two such clefts have

been outlined in blue to highlight...............cooiiieeeee e L A2

Figure 2.6 Section of H&E stained skin tissue showing grade IV changes, with

complete separation of the epidermis from the dermis.............cccooeevvieeeecennnnn. 43.

Figure 2.7 A representatio of an RGB image of order, m x n. A pixel at spatial
coordinates (x,y) will be represented by the column vectorg, shown in the figure.
..46..

Figure 2.8 An RGB image displayed at four spatiasolutions, 412 x 550, 206 x
275,41 X 55 aNd 21 X 28....ccoeveiieeiiiiiiicceeeees e e e swemnnnmmeeeann e e e e s nnmmmmnnee s D




List of Figures

Figure 2.9 Representation of the RGB colourspace cube and representation in RGB

colour model of thre€ COIOUIS.......c.vee e A9

Figure 2.10 RGB image and the three colour channel intensity images of the RGB

(070 ] (01U T €= o = o = SO PUSPPRRY2 .o |

Figure 2.11 RGB image and the three colour channel émisity images of the HSV

(070 (01U T £ o = o =PSRRI - ¥ |

Figure 2.12 RGB image and the three colour channel intensity images of the YCbCr

(010] (010 6] 0 1= Lo = PP U PO PPPPTRRR. o ¥4

Figure 2.13 Representation of the L*a*b* colourspace. (The Mathworks, 201063

Figure 2.14 RGB image and the three colour channel intensity images of the L*a*b*

(070 ] (01U T €= o = o =PSRRI - 1 |

Figure 2.15 Colour RGB image and the same image converted to greyscale...55

Figure 2.16 Diagram showing how pixel neighbourhoods relatetpoint, local and

global Image OPEeratioNS.........c..cuuuuii i s ieeeeemmce e e e e emmmmnr e e e e e e e smmnneens e e e 2 DO,

Figure 2.17 Square 3x3 Kernel for Mean Filtering, with the origin placed in the

(07<] 0] (ST RPN ¥ A8

Figure 2.18 Remapping greyevels using a transform function......................ueeee 58

Figure 2.19 Diagram illustrating the effect of contrast stretching the intensity
histogram, using a linear transform. Wo sets of potential high and low values for

the remapping are SNOW..........ccovvvuiiii i ieeeeeecce e emmmmes e e e e e eeees s smmneeeee e DD

Figure 2.20 Diagram illustrating how penetration points can be selected using a

cumulative percentage histogram.............cc.oiviiiiimmcceemeciie e eeemmceer a2

Figure 2.21 Diagram illustrating the effect of selecting a set band of intensities for a

ITaTeT= TR (=T g =1 o] o1 o TR U UPPPSTRPPRRY o 0 N




List of Figures

Figure 2.22 The effecbf normal and adaptive histogram equalisation on a

greyscale image and its intensity histogram.............cccccoivicceeeeeereeveeviiee e e eeeenna 81

Figure 2.23 Diagrammatic representation of set theory, showing union (b),

intersection (c), complement (d), reflection (e) and translation (f)...................... 62...

Figure 2.24 Representation of typical intensity histogram distributions and
suitable threshold or threshold bands...........ccoooiiiiiiiecccececic e BB

Figure 2.25 Structuring element matrices which form the basis of disk and

diamond shaped structuring elements with a size (radius) of 3............ccccccunn..e. 61..

Figure 226 Diagram showing the effect of erosion and dilation with a 3x3

structuring element on a simple binary image...............ccovivieeeeeeeen .68,

Figure 2.27 An example of a bounding box (in red) for a specific object........... 75.

Figure 2.28 Examples of ellipses with the same second moment as specific objects
in the image (marked with red ellipse boundaries). The major and minor axis

lengths of one of the ellipses are giwn by blue and green arrows respectively..75

Figure 4.1 Four examples of H&E stained skin images, showing variation in shape,

structure and OFEeNtAtION ..........eeeee e e e meee . 1B

Figure 4.2 Section of H&E stained skin section showing a tear at the dermal

epidermal junction, indicated by the arrow...............ooovvviiicccccceeei e 116

Figure 4.3 H&E stained skin image witlgrade | damage. Unusual break down in

cell and tissue structure at cut sample edges is circled in blue........................ 116

Figure 4.4 H&E stained skin section showing grade | changes with some focal grade

[l changes, circled in green...........oooiviiiiiiiemmeeme e eeeeeeeeeviieeemmmmme e eeeeeeeeeeeee L 18

Figure 4.5 Schematic representation of the Leitz Wetzlar microscope and Canon

camera image acquisition SYStemM..........cccoeevviiiiievemcceer e creenmmmre e eennn 120




List of Figures

Figure 4.6 Diagram indicating the portion of the microscope field of view that is
captured by the camera sensor. Note the image used was not taken with this

SV 1 (=7 1 1O PP UP PP 20724

Figure 4.7 Comparison of image resolution with four different microscope

(0] o] (=101 1A= [T Y= PSR 2.

Figure 4.8 A 1388 x 1040 pixel image captured using a x10 microscope objective

lens. The image on ta right is an enlarged section to show cellular detail....... 125

Figure 4.9 A 1388 x 1040 pixel image captured using a x20 microscope objective

lens. The image on the right is an enlarged section stiow cellular detail......... 125

Figure 4.10 Skin sample image, requiring 56 tiles at x20 magnification (objective).

White balance, background correction and image stitching NOT applied........ 127

Figure 4.11 Skin sample image, requiring 56 tiles at x20 magnification (objective).
White balance applied, background correction and image stitching NOT applied.
..128..

Figure 4.12 Skin sample image, requiring 16 tiles at x10 magnification (objective).

White balance, background correction and image stitching applied................ 128

Figure 51 Hierarchical structure of segmentation process, starting with the whole
image and resulting in the segmentation of the critical histological features,

VACUOIES AN CleftS. ... e e 134

Figure 5.2 Man processing steps in the algorithm to segment the epidermis from a
digital image of an H&E stained skin section. The text boxes on the right describe

the function of the processing steps throughout the algorithm......................... 137

Figure 5.3 Bar chart showing the mode composite intensity, bgsh, values for 50

= T TP SPPPUPPRRRRPP B 10

Figure 5.4 Effect of the automated image cropping procedure on an imagaich

includes a number of small tissue fragments..............cooeeeeveeeeeeceeecciineeeee e 140




List of Figures

Figure 5.5 Effect of a prehresholding smoothing step on the subsequent
thresholding operation. The figure shows the binary mask creatkeby the
thresholding operation without smoothing, and when the smoothing step is
performed using a 9x9, 29x29 and 49x49 sized filter-............cccccoiiieeenn.. 141

Figure 5.6 The effect of a mean filtering step usirg29x29 filter on an RGB image.
..143..

Figure 5.7Effect of colour normalisation on RGB skin images showing two RGB
skin images before and after colour normalisation with different staining contast,
lighting during acquisition, overall colour hues, and proportions of epidermis and
dermis tissue. The norsample pixels have been changed to white in the

NOrMAliISEd IMAQGES.......cceieeiiiie e e e s ceeeemmccee e e e e e et mmmeeese e e e e e eessnn s emmmmennneeeeessnns LD

Figure 5.8Effect of linear combination of three sets of greyscale and b* imagéd&0

Figure 5.9Histogram of enhanced additive image showing Otsu threshold.....151

Figure 5.10 Enlarged sections of images showing H&E stained epidermal cells. The

arrows highlight the diameter of normal and vacuolised cells......................... 158

Figure 5.11 Representtion of box, centre and axial points in £entral Composite
D=2 T | PP P PP RRRRPPPS! Lo ¥ |

Figure 5.12 Residuals plots for model of key factor effect on mean sensitivity164

Figure 5.13 Residuals plots for model of key factor effect on mean specificity164

Figure 5.140ptimisation plot for key parameters to maximise sensitivity........ 166

Figure 5.15Contour plot of the effect of area and extent object classification

thresholds on mean sensitivity and specificity for segmentation of epidermis..169

Figure 5.16 Four H&E stained images showing varying staining and lighting. A, B
and C had sensitivities of < 60% and D had a sensitivity of 81%..................... 170..




List of Figures

Figure 5.17 Baxplot of specificity, sensitivity and accuracy for epidermal

segmentation in training and test setg with and without user interaction ........ 173

Figure 5.18Boxplots showing effect of damage graden specificity, sensitivity and

accuracy of epidermal segmentation...............ccoevvvccceeeieeeeeeeeiii s eeeeeeeene e e LL4A

Figure 5.19 A selection of images highlighting differences in the stratum corneum

and areas Of NECIOLIC tISSUR. .....cuien e eememen e e e neenaenanneee LT 8

Figure 5.20 Diagram illustrating the effect of smoothing on the perimeter masking
5] (=] 0 PP RRTRPPPPPPPN! WA |

Figure 5.21 RGB image of H&E stained sksample overlaid with mask of
thickened perimeter...........ooovviiiiiiiimmccceeeeeeeeeevvteemmmmeme e emmmmmmmeeeeeee 2 180

Figure 5.22 Histogram of dimension measurements for dermis and neshermis
(0] o] [>T 1 57 PP UUPRERRRRPRN o 124

Figure 5.23 Histogram of area measurements for dermis and neadermis objects

..182..
Figure 5.24 Subtraction of epidermis mask from sample mask....................... 183
Figure 5.25 Subtraction of thickened sample perimeter mask........................ 184
Figure 5.26 Removal of nordermis objects with a classification rule................ 184

Figure 5.27 Userinteractive removal of any remaining misclassified objects...185

Figure 5.28 A subepidermal cleft in an original RGB image and an image vahi has

been normalised using histogram matching..................covicccccceeeee e 186

Figure 5.29 Dermal cleft objects adjacent to the epidermis (Figure 5.29a ), the
epidermal cleft objects adjacent to the dermis (Figure 53b), and the combination
of both sets of cleft objects (Figure 5.29C)..........cccciiiiiiiiccceemeeii e eeeeeese. 189




List of Figures

Figure 5.30 A skin sample showing grade Il damage, with clefts at the DEJ. The
thickened sample perimeter mask is sbwn masking a tear at one cut edge of the

1] U (TP URORRRRPR 2] 0

Figure 5.31 The effect of different thresholds on the binary cleft mask created
during thresholding of two luminance images, one containig clefts and one with

(o Jo3 (2 1 T RPN K X |

Figure 5.32 A section of the original RGB image, with the cleft boundaries
identified using the cleft segmentation procedure plotted in green over the RGB

] = o = PSPPSRI 1. 2

Figure 5.33 Sections of two RGB images, which have been through the whole
vacuole segmentation procedure using thresholds of mode luminance, mode
luminance z 80 and mode luminance-100. The final vacuole boundaries are

plotted in blue over the RGB image. Yellow arrows indicate regions misclassified as

vacuoles when using the lower threshold...............ccccoi i ieceeeer 0022195

Figure 6.1 Four directiors and sets of pixels pairs used to calculate texture features
..2009..

Figure 6.2 Change in misclassification rate as the 25 best features are added

SEQUENTIAINY ... et ererreeen e eeeeen 2D

Figure 6.3 Change in misclassification rate as the 50 best features are added

SEQUENTIAINY ... e e eeeeen 2L O

Figure 6.4 Change in misclassification rate as features aremeved from the
3LfEALUIE SUDSEL.......uiiieeeeiii e ceeeeeemce e remcmt e e e e e e smmmmnnnn e e e eeenennn e D Lo

Figure 6.5 Change in standard error of the mean as features are removed from the

SLfEALUIE SUDSEL ... i e et emememmen e eneenenn . 218,

Figure 6.6 Change in misclassification rate as features are removed from the 22

FEATUIE SUDSEL .. et remememen e 221




List of Figures

Figure 6.7 The effect of changing the prior probabilities the performance of the

FINAL ClASSIT IO . .. e e 226,




List of Tables

List of Tables

Table 1.1 Summary of limitations and issues with manual grading in

histopathology and potential for computeraided grading to ®Ive these issues..20

Table 2.1 Description of the main features, cell and tissue types in the three main
skin layers (Cox and Coulson, 2010).........ccuuuiieiiieemmmmmmeeeie e emmmmnr e B3

4AAT A ¢8¢ ,AOT AO6O EEOOI LIL.CEAAIL..AQBDAOEA
Table 2.3 Histological criteria for grading GVHR in the Skimune assay............. 39..

Table 2.4 Comparison of unsupervised and supervised approaches to classification
L2 1S PRSPPI 4 - I

Table 3.1 Summary of literature in digital histopathology grouped according to

feature type USEd..........ooviiiiiiiiicecei e eeeeeeeeme et e e e s cennmmmmmessnn e e LOB.

Table 3.2 Classification Approaches used in Histopathology and Published

PerfOrMAaNCE........vviiiiiiiiiii e smsnnensnn e e e eneee LD
Table 4.1 Image®xcluded from further analysis and reason for exclusion....... 129
Table 4.2 Grading agreement of skin explant samples by two expert operators30
Table 5.1 Visual analysis of dermal epidermal contrast in 5 colourspaces......146

Table 5.2 Effects and Coefficients for Factors and Interactions in the Sensitivity and

SPECIfICIty SCBENING......cciiiiiii ittt smmeeeees e e e e eersa e e e smemnnmmmeeesenn s LDO)
Table 5.3Effect of each term in the final model on sensitivity and specificity....163

Table 5.4 Range tested and optireed values for the four factors included in the
L0 0 = PO UPPPUSPPRPPPPIR I o o

Table 5.5Effect of the tested area and extent thresholds on algorithm sensitivity

AN SPECITICITY . ...vvvveiiiiiie e eeerrent e smeens e eee LOG




List of Tables

Table 5.6 Summary of statistics for accuracy, sensitivity and specificity

(L= {0 0 F= U [T TN 0 0= U oSSR A 41
Table 6.1 Summary of features retained in the 22 feature subis...................... 220..
Table 6.2 Final feature subset used in classification model....................ccee... 222
Table 6.3 Misclassification error estimated using 10 foldross validation.......... 223

Table 6.4 Data on manual grading of the 10 misclassified images in the 169 image
(0 == L = RPN~ 02 Lo

10



Glossary

Glossary
Term (and Definition
acronym)
Acanthocyte An red blood cell characterized by multiple spiny cytoplasmic

projections.

Acantholysis

A loss of intercellular connections (desmosomes) between

keratinocytes; causes change in cell shape from polygonal to round

Algorithm A formula or set of seps with unambiguous rules for solving a
particular problem.

Allergenicity The degree to which a substance can cause allergic sensitisation

Allogeneic Cells or tissues taken individuals of the same species, which are

genetically different to each othe because they are derived from

separate individuals.

Alloreactivity

The reaction of lymphocytes or antibodies with alloantigens.

Area of Interest

(AOI)

The area containing the features of interest, to be used in

subsequent analysis.

Assay

A procedure n molecular biology for testing or measuring the

activity of a drug or biochemical in an organism or organic sample.

Basal (relating

to epidermis)

The deepest layer of the epidermis, located next to the dermal

epidermal junction.

Benign

A condition which will not metastasize and is not harmful in and of
itself. Treatment/removal can alleviate symptoms (e.g., pressure on
surrounding organs), and treatment/removal is considered

sufficient for complete recovery.

Bone Marrow

Delivers healthybone marrow stem cells into the patient to replace

Transplant damaged or defective bone marrow.

(BMT)

Brightfield Microscopy technigues using a broad spectrum light source to

microscopy visualize the specimen, where light passing through sample is
differentially absorbed, creating contrast.

Carcinoma A cancer of the epithelium.

Chromacity An objective specification of the quality of a colour determined by

hue and colourfulness (not luminance).
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Chromacity An objective specification of the quality of a color regardlessf its
luminance determined by its hue and colorfulness

Chromatin Nuclear material that is readily stained, consisting of the nucleic
acids and associated proteins.

Cleft A space or opening, made as if by splitting.

Colourimetric

Coloured stainthat binds specifically to certain chemical/biological

stains constituents in the body.

Counterstain I OOAET OOAA AO Ai 1 OOAOO OF Al

Cytology The study of cells at a microscopic level, generally via a light
microscopy technique.

Cytoplasm All cell contents outside of the nucleus and enclosed within the cell
membrane.

Cytotoxic Toxic to cells

Densitometry Measurements related to the optical density of a sample.

Desmosomes Specialised cell junctions characteristic of epitH&, especially

obvious in skin.

Dyskeratosis

Abnormal, premature, or imperfect keratinisation of the
keratinocytes below granular cell layer; often have brightly

eosinophilic (pink-staining) cytoplasm.

Epithelium The internal and external lining of caviies within the body; also the
external covering (skin).

Field of View The diameter of the image that can be viewed at the microscope

(FOV) eyepiece. Also refers to the rectangular area that is captured by the

camera sensor.

Gleason grading

A grading forprostate cancer, characterizing the tumor into one of 5

categories based on tumor differentiation.

Graft versus
Host Disease
(GVHD)

A complication following bone marrow/ stem cell transplants in

which the transplanted material attacks the transplant paE AT O 8
body.

Graft versus
Host Reaction
(GVHR)

In this thesis this will be used to refer to the skin reactions created

in the skin explant assay which mimic cutaneous GVHD.

Grey-level co-
occurrence
matrix (GLCM)

A matrix representing the spatial relaticship between grey levels of]

neighbouring pixels.
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Ground truth

The correct/desired output (i.e., truth) for an image analysis
algorithm. Originally a term from the remote sensing community,
OAKAAOET ¢ OEA

000 OEbasedDriel.] AA A

Haematopoietic

Associated with the formation of blood or blood cells in the body.

Haematopoietic

stem cell

A stem cell flom which red and white blood cells evolve.

Haemotoxylin
and Eosin (H&E)

The popular staining method in histology, widely used stain in

medical diagnosis.

Histology The anatomical study of microscopic structure of plant and animal
cells and tissues. In tts thesis it will only be used to refer to animal
tissue.

Histopathology The application of histology for disease diagnosis.

Human Any of the numerous antigens (substances capable of stimulating &

Leukocyte immune response) involved in themajor histocompatibility complex

Antigen (HLA)

in humans.

Immunogenicity

The ability of a particular substance, such as an antigen or epitope,

to provoke an immune response in the body of a human or animal.

Immunohistoche
mistry (IHC)

The process of localizing antiges (e.g. proteins) in cells of a tissue
section exploiting the principle of antibodies binding specifically to

antigens in biological tissues

Immunomodulat

Capable of modifying or regulating immune functions.

ory

in vitro Experimentation performed not ina living organism but in a
controlled environment such as a test tube.

in vivo Biological process or experiment within a living organism.

Keratinocyte

The predominant cell type in the epidermis specialised to synthesis

keratin.

k-means Awidely knownad A OOAA O1 OOPAOOEOAA A
which clusters data into k clusters while minimising the intra
cluster variance.

L*a*b* A colourspace made up diiminance (L*), red-green chromacity(a*)

Colourspace

and yellow-blue chromacity (b*)

Lymphocyte

A type of leukocyte (white blood cell) that is of fundamental

importance in the immune system.
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Maculopapular

A rash characteristic of GVHD which contains botimaculesand

rash papules amaculebeing a flat discoloured area of the skin, and a
papulea small raised bump.
Major A set of molecules displayed on cell surfaces that are responsible f

Histocompatibili

lymphocyte recognition and "antigen presentation'

ty Complex

(MHC)

Malignant A condition which will eventually lead to death if untreated.
Malignant conditions tend to metastasize, grow uncontrollablyand
lack proper tissue differentiation.

Markup 4EA OPAAEAAAOEIT T 1 /Enedodm@h ekpedy O
the physical marking of an image for regions of interest, etc.

Mathematical A theory and technique for the analysis and processing of

Mor phology geometrical structures, based on set theory, lattice theory, topology|

(MM) and random functions

Mononuclear

A collective term for certain leukocytes and phagocytes cells in the

cell haemaopoietic system.

Morphology The form or structure of an organism or one of its constituent parts,
the term does not include the function.

Necrosis The death of most or all cells in tissue (or an organ due to disease ¢
injury.

Nucleus Membrane bound stucture inside cell cantaining hereditary

information .

Optical Density
(OD)

Provides a linear relationship betweernimage intensity and stain
density, based on Lambert” AAO8 O 1| Ax AAOAOEA

light transmitted through a specimen.

Pathophysi ology

The functional changes associated with a disease or an injury.

Posterior
Probability

The probability of assigning observations to groups given the data.

Prior Probability

The probability that an observation will fall into a group before you

collect the data.

Scalar

In linear algebra, real numbers are called scalars and relate to
vectors in a vector space through the operation of scalar

multiplication .

Segmentation

The process of delineating an image object.
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Sensitivity A measure of the proportionof positives that are correctly identified
as such

Skin Explant Anin vitro test producing GVHR using a skin biopsy.

Assay

Specificity A measure of the proportion of negatives thatr@ correctly
identified as such.

Spongiosis An increase of fluid betvween the epidermal cells, causing the sells td
splay apart in the upper epidermal layers (resembling a sponge).

Sroma Connective tissue.

Supervised A machine learning technique for deducing a function from training

Learning data.

T cell An important type of white blood cell in the immune system.

Thresholding A simple procedure to segment an image by setting all pixels whosé
intensity values are above a threshold to a foreground value and all
the remaining pixels to a background value.

Toxicity The degee to which a substance can damage an organism

Transform A procedure that changes one function into another

Vacuole A small cavity in the cytoplasm of a cell, bound by a single

(vacuolisation)

membrane and containing water, food, or metabolic waste.

Vacuolisation is thestate of having become filled with vacuoles.

Vector A one dimensional array
Wrapper A method for feature selection which searches for the optimal
methodology feature subset for a particular classifier and domain.
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Chapter lintroduction

Academic Drivers for Research Project
Chapter 1 Introduction

This thesisdescribesthe development of a digital image analysis process to assess
the immune-mediated structural breakdown of humanskin tissue. While

optimised and modified versions of thedevelopedprocess may be applicable in a
number of other applications in digital histopathology, particularly those

concerned with analysis of epithelial tissuethis research looks specifically at the
assessment of histological damage in haematoxylin and eositained human skin
samples.In this chapterthe motivation for the research isintroduced, some of the
issues associated with traditionahistopathology approachesare highlightedand

the potential benefits of applying digital image analysisto this field are presented.

This thesis is being submitted as theesearchelementfor an Engineering
Doctorate, which by its nature addresssan industrial engineeringchallenge The
industrial context, including background on the industrial partner, Alcyomics Ltd,
is givenin this introductory chapter, along with the commercid and industrial
drivers for the research.An overview of themulti -disciplinary nature of this
project and the general research approach taken govided, and the main
research contributions summarised. Finally, a summary dhe organisation of this

thesis is provided.

1.1 Academic Drivers foResearctProject

Histopathology refers to the microscopic examination of human cell tissue for the
study and diagnosis of disease through expert medical interpretation. Traditionally
in histopathology the patient diagrosis or prognosis is made based on the
appearance of specific features within stained tissue biopsies viewedrough a
microscope. Manual grading methods are time and labountensive, and the lack

of quantitative characterisation can lead to issues relatig to subjectivity and inter
and intra-observer variability (Farmer et al,, 1996, Standishet al, 2006; Van
Puttenet al, 2011).

Digital image analysis has the potential to address some of the issues associated
with traditional histopathological methods. Automated softwareto analyse

characteristic features of damage quantitatively and classify the grade of damage,
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provides the opportunity to reduce the analysis time required from the
histopathologist, and in some cases allow a less experienced operator to carry out
the analysis. A major benefit of sing image analysigor histopathological analysis
and gradingis the opportunity to capture and usequantitative information . This
could replace the histopathologist by providing a gradinglecision; however a
more likely use would be toaid the decisionrmaking processof the
histopathologist, researcher or clinician. Although semguantitative grading
criteria incorporating procedures such as cell counting areaometimesused in
manual histopathology, image analysis offerthe opportunity to significantly
increase the amount of quantitative data which can be extractédtbm the image
and analysed with the ultimate aim being to improvethe repeatability,

reproducibility, objectivity and accuracy of the process.

Automated image processing and analysis haveebn used in other medical
disciplines including cytology and radiology fora number ofyears, however the
generaluptake of these methods in histopathology has only occurregtcently as a
consequence ofhe development of high quality digital slide scannig technology,
the increasedlevel andavailability of computing power and the development of
new image analysis algorithmghat are able tohandle the inherent complexity in
tissue images. Following the widespread adoption of digital scanning systems in
pathology, the development of automated image analysis procedures for scanning,
segmentation and ultimately diagnosis has become the focus of significant
research in recent year§Gurcanet al, 2009). Theoretically it is now possible for
the entire histopathology assessmenprocess to be automated, including slide
digitisation, image processing and enhancement, identification of kdeatures and
final diagnosis. In practice, individual parts of the process tend to be automated
and combined with some manual intervention, often identifying norroutine or
complex cases for manual assessmenithere are a number of examples the
literature which propose automated image analysis as a useful aid to
histopathological and clinical diagnosis They includea diagnostic tool for HER2
status used tosupport treatment decisions in breast cance({Dobsonet al,, 2010)

and an automated workflow for staining, slidescanning, and image analysis to
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explore cancer biomarkers which can be used in conjunction with traditional

pathology to support drug discovery and developmen{Shindeet al, 2014).

Although there is a growing body of work relating to image segmentation, feature
extraction and classification in digital histopathology, the majority of research
publications in the area relate to cancer pathologgnd have been developed for
specific applications In particular there are very few papers describing
segmentation(identification) techniques forapplication to epithelial tissue such as
human skin, and one spedfically for epidermis tissue. The challenge of applying
image analysis to histopathology relates to the high structural complexity of the
images the biological variation and the complexample preparation procedures.
An additional challenge of ths research isthat the skin tissue must be identifiedin

various statesof structural breakdown.

In histopathology mathematically driven feature extraction,basedfor exampleon
texture or wavelets, can beused to provide a representation of spatial infamation
for use in a classification algorithmSuch mathematically driven features can be
difficult for a histopathologist or clinician to interpret as they do not relate to
traditional histological criteria, which can in turn lead to mistrustand a
subsequent slow uptake ofthe developed technologies. An alternative approach is
to use dject level features based on shape and sizehich havea stronger
associationwith traditional histopathological grading criteria. Quantitative object
based features offeran opportunity to build on traditional histological criteria and
domain knowledge by analysing shape and size more accurately and in greater
detail. In addition, using a computebasedsystem enables existing methodsuch

as counts of abnormal cellso be carried out much more quickly and accurately

There is a significant amount of published research presenting classification
algorithms for use in the histological diagnosis and grading of cancébrade based
classification accuracies in the literaturevary significantly, and often accuracy for a
cancer/ non-cancer decision is much higher thathe accuracywhen discriminating
betweendifferent grades. For instance,Keenan et al (2000), reported accuracies
of between 62.3%-98.7% for discrimination of different grades inhaematoxylin

and eosin (H&E)stained cervical tissueand whilst Tabeshet al (2007) could
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discriminate between cancer and norcancer in 96.7% of prostate cancer tissue
slides,discrimination between low and high cancer grades was much lower at
81%. Consistent discrimination between different grades of carer is a challenge in
histopathology, which researchers are attempting to tackle usingver more
complex ensemble methods consisting of multiple classifier type# different
approach has beeradoptedin thisresearch with the focus beingto extract
relevant features,thus enabling a simpler classification method to be used
successfully.The use of these features to train a Naive Bayes classification
algorithm, and the optimisation, testing and validation of that system formed the

final part of the research

1.2 Industrial Partner¢ Alcyomics Ltd

Alcyomics Ltd providesscreening services and novel solutions for productafety,
potency, toxicity and efficacy testing in thggharmaceutical, chemical and cosmetics
industries. The core technology isSSkimun€eA, a laboratory test (or assay)which
uses skin samples from healthy volunteerto carry out safetyand efficacy
assessmens of novel compounds and drugs. iese compounds may cause allergic
or immunogenic responses, contact sensitivity or inflammatory damage the
tissues of the body, which is mimicked in thekin response The Skimune assais
based onan approach originallyusedto predict the occurrence and study the
pathophysiology of graft versus host dsease(GVHD), a common complication
following bone marrow transplants (BMT) (Vogelsanget al, 1985; Svilandet al,
1990). Alcyomics was spun outrom Newcastle University in 2007to exploit the
commercial potential of the assayn the pharmaceutical, chemical and cosmetics

industries.

1.3 Research Problerand Commercial Motivatiorfor Alcyomics Ltd

In the Skimune assay, a sample of human skin is removed andadtured with
immune cellsin the presence of the test compound. Any immune response caused
by the test substance creates an immune reaction in the skin, which is assessed
and graded for severity using histopathology. Traditionally in histopathology, a
trained specialist examines a small sample of sectied and stained tissue under

the microscope, and uses qualitative analysis guided by a descriptive grading scale
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to make a diagnosis. The requirement for a specialist limits the reach of
technologies which usehistopathology, as not all potential customers have access
to a histopathologist with the relevant experience. For Alcyomics to expand their
businessbeyond a service based model to a product, technology or platform
model, the expert knowledge of then-house team must be captured and made
available for use by others in an accurate, reliable and reproducible waihe
highly regulated industrieswhich Alcyomics are targetingdemand that any assay
used in their research, development and product testing is relble, repeatable,
objective and validated. Moving to an automatedcomputer-basedgrading
procedure will improve the repeatability and objectivity of the assay output by
removing the subjectivity associated with human interpretation of the qualitative
grading criteria. Some of the issues associated with the current manual grading
system, and the potential benefits offered by changing tan automated, computer

aided system are summarised ifable1.1.

Tablel.1 Summary of limitations and issues witlanual grading in histopathologgnd
potential forcomputeraided gradingo solve these issues.

Manual Grading Limitations

Potential Improvement offered by

Computer Aided Grading

Required operator training

Can be run by norexpert

Labour intensive

Potential for high throughput

Qualitative

Quantitative

Subjective

Objective

High inter/ intra operator variability

Improved repeatability

1.4 Project Aim and Objectives

The overall project aim wasto develop an automated systento enable nonexpert
users to grade histological skin damage in the Skimune assay with a comparable
level ofaccuracy, repeatability and reproducibility tothat achieved through

manual grading.
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More specifically, theproject objectivesvere defined as

A Compare different image acquisition methodsand determine the most
appropriate in terms of resolution and practicality.

A Identify the specific histological features associated with damage the
Skimune assay and extract qudnative measurementsassociated with those
features.

A Train a classification algorithm using the extracted featureso thatit is capable
of identifying positive examples ofhistological skin damagewith high
sensitivity and specificity and which is capalte of handlingthe normal variation

within the skin images.

1.5 Industry Drivers for Research Project

1.5.1 PharmaceuticalndustryDrivers

The pharmaceutical industry is facing considerable challenges, including low
revenue growth, the arrival of the patent cliff,a faltering product pipeline, poor
stock performance, public concerns over transparency and ethics, and high
attrition rates during development (DiMasiet al, 2010). Drug development is an
expensive processwith the main factors affecting cost being time and risk. High
failure rates are a majorsource ofrisk in the pharmaceutical industry, with many
drug candidatesrejected at late stages of developmentiue to issues of toxicity and
lack of efficacy(Kola, 2008. As a result of these issues, there is a growing drive in
the industry to identify promising candidates early, and to ensure toxic or non
efficacious candidates fail early in the proces3he identification of products with a
high chance of failure may use silico prediction, pre-clinical laboratory screening

or animal models.

Within the pharmaceutical industry,skin explant assaysan be used tgrovide
information on mode of action, toxicity,adverse reactions, safety and efficaayf
therapeutics, prior to first in man clinical trials. The datageneratedcan be
analysedto investigate dose response and also offers the potential to implement
a stratified medicine approach to pati@t selection in clinical trials by identifying

patient groups who responddifferently to particular drugs. Through suchin vitro
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technology, it may be possible to minimiséhe risks to patient safety,reduce the
financial risk associated withdrug development, shorten development times and

reduce costsdue to costly animal trials

The Skimuneskin explant assaydeveloped by Alcyomicds an alternative to the
animal modelstraditionally used r pre-clinical safety testing. Alternative
proceduresare required as animamodels are expensive and do not always predict
human response accuratelfHackam and Redelmeier, 2008 erel et al., 2007).

One reason proposed by Seret al (2010) for the poor conversion of successful
animal studies to drug approvals idias against publishing negative result&n the

pharmaceutical industry.

One example ofhie potential impact of the skin explant tests provided by the
TGN1412 phase | trial in 2006where six human volunteers suffered multiorgan
failure after being given a dose of CD28 superagonist antibody five hundred times
smaller than that found safe iranimal studies(Attarwala, 2010). The TGN1412

drug, when tested using the skin explant assay by Alcyomics, gave a positive result

indicating the likely immunogenicity in humans.

1.5.2 Cosmetics Industry Drivers

In the cosmetics industry, Alcyomics are taking advantage of a move to replace and
reduce the use of animal models, as typified by the 7th Amendment to the
Cosmetics Directive (Directive 76/768/EEC2)which prohibits all animal testing
for cosmetics and toiletries. This Directive requires that alternative methods are
introduced for a range of toxicological end points, including testing for skin
sensitisation. The skin explant assayffers an alternativeto animal testing for
cosmetics that require human safety testing and could therefore be described as
part of the 3R movement.The 3R movementfirst described by Russell and Burch
(1959), aimsto refine, reduce and replaceghe use of animal modés in scientific
research. The market for 3R tests is likely to increase significantly in the next1®
years, due to a combination of macr@nvironment forces including EU legislation,
UK government programmes, high costs of animal testing and strong publ

opinion (particularly regarding cosmetics testing).
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The current procedure has limited throughput due to skin supply and manual
measurement, and the subjectivity of assessment may concern industry regulators.
Automating the assay read out, reducing b& and improving the objectivity of the
assay will allow Alcyomics to compete with some of the other alternatives to
animal testing being used in the cosmetics industry such as artificial skin models

andin silicoprediction methods.

1.5.3 Chemical Industry Bvers

There is a drive in the chemical industry, typified by the REACH system for
controlling chemicals in Europe, to understand the risks associated with new and
existing chemicals on the market. REACH asEuropean Union regulation
concerningthe Registration, Evaluation and Authorisation of CHemicals. The

REACH proposal requires industry to register all existing and future new
substances with a nev European Chemicals Agency. Part of the registration

process requires the submission of data on toxicologicabroperties of the chemical
and any risks it may pose to human health. One of the aims of REACH is to promote
the use of alternative methods in the chemical industry to assess the hazardous

properties of substances.

In the chemical industry, Skimunecould be used to test the immunogenicity,
potency and toxicity of novel chemicalsnd identify those likely to create
hypersensitivity responses.An automated, objectve skin explantassay couldserve

asa useful, high throughputtool in this industry.

1.6 Research-ield

This EngD re®arch project has involvedhe application of image analysisand
classification methods from the fields of mathematics, engineering and computing
to a biologicalprocess Theproject has been approachedrom an interdisciplinary
perspedive, combining knowledge and experience from a range of fields to
developthe best solution to this industrial problem. It was necessary tagyain a full
understanding of the biology of skin reactions in the Skimune assay, including the
nature of the different tissue types and cells within the skintypical biological

variation, and the appearance and typical featuresf a Graft versus Host Reaction
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(GVHR) An understanding of the traditional methods used in histopathologgnd
their limitations was also essatial when designing a newapproach to the grading
of the skin explant assayHaving understood the problem, knowledge of the
mathematical tools necessary to a@wmate a complex human process warequired,
these tools can be split intadata acquisition, image processing, and featwe
selection and classificationFigure 1.1 summarises the main areas of importance to
the research and how each area ignked to the research project. Aeas relating to
biology are shown in red andhoserelating to mathematics orengineering are

shown in blue.

B<nowledge of strengths/ weaknesses of current
methods.

B<nowledge of industry requirements for grading.

Traditional <
Histopathology

BKnowledge of critical histological features in GVHR ang
relationships.
PAbility to grade manually and spot artefacts.

GVHR in
Skumune <

Image < B<nowledge of industry-standard acquisition methods
Acquisition and gopreciation of their strengths/ weaknesses.

BKnowledge of key methods for image prgprocessing
(contrast enhancement, colour normalisation),
segmentation, morphological processing and feature
extraction.

PAbility to implement image processing methods in
\VAY I WA\=H

Image Processing <<

P<nowledge of different feature selection and
Feature Selection classification algorithms and appreciation of their
and < strengths, weaknesses and underlying assumptions.
Classification FAbility to implement feature selection and classification
g methods in MATLAB.

Figurel.1 Diagram showing the key areas in which knowledge is required for the project and
the specific details of knowledge required.

1.7 Research Métodology and Approach

The particular dataset of images used in this study and theeedsof the industrial

partner guided the choice of research methodology and approach. The large degree
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of variation within the images which is notrelated to the changes asociated with
histological damage presented a major challenge in this researcAlthough the
current trend in machine learning and image analysis moving away from
mimicking expert systems towads a more data driven approact{Bishop, 2010,
this research attempts to showthat there is value in combining expert knowledge

with computational numerical capability and accuracy.

The human method for carrying out the assessmerf histological grading is
hierarchical. It proceeds byfirst locating the specific regions of interest within the
image,then identifying the specific featuresbefore making an estimate oftheir
extent. The human approach habeenused as a guide téocate the regions of
interest and identify the features of interest. It is after this point that the strengths
of the computer sysem are utilised, extracting a lage number of size and shape
based statistics describing the features which a human would not lmapable of
doing. Wrapper based feature selection and finally the automated training of a
classification modelwere used to identifythe most useful features without any

human bias to create the most accurate classifier possible.

The thesis does not atterpt to presentnew individual image processing or
classification methods, but rather describes the novel application @f variety of
image processing, segmentation, feature extraction and classificatitechniques to
a newand challengingindustrial problem. The research is not presented as a
computer sciences thesigssare many in the field of image analysisinstead the
general approach has been to design an indusafly useful solution based on a
deep understanding of the biological system and process. @puting is usedto
enhance the parts of the process in which humans are weakest, lthé new
processlearns from the parts of the human approachwhich are well adapted. In
summary, the research has aimed tdesign of a system to capture expert
histological knowledge and apply it in a reproducible manner through a computer

based algorithm.
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1.8 Research Significance and Contribution

In this thesis, an image analysiprocessfor the automated grading of histological
skin damage is describedThe overallindustrial goal is to create a solution for
Alcyomics which enables theutput in the Skimune assay to be assessed in an
objective and repeatable manner without an expert histopathologisiThe main

academiccontributions of this work are three-fold:

A First, a methodhas been developed which is able to identify epidermis tissue
from H&E stained skin sections showing varying degrees of histopathological
damage. Although many methods have been described for segmentation of
histology imagesmost are for cell, gland or nalear segmentation ather than
tissue segmentation. fie epidermis segmentation algorithm is a useful addition
to this small but growing area of research and could provide a framework for
segmentation of otherepithelial tissues. Theauthor is unaware of ary
segmentation methodsthat have been applied to images giwing severe
histological damage such agraft versus host type reactiors. This part of the
work has been published in the peer reviewed open access academic journal,
BMC Medical Imagingwhere it has been classified akighly accessed. The
paper is available online at
http://www.biomedcentral.com/content/pdf/1471 -2342-14-7.pdf.

A Second, aovel set of object andspatial level quantitative features have been
defined and a method for their extraction created. The extracted feature
measurements arerelevant to the expert grading criteriafor histological
damage but add a quantitative dimensioriWhile this has direct applicationto
the grading the Skimune assay, this set of feature measurements could also be
applied in an automated version of the Lerner grading used in the aljnosis
and prediction of G\HD.

A An approach to histopathological tissue classification, which combines exgpe
domain knowledge in the design of potential features, with a fully objective

feature selection and classificatiorapproach.
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1.9 Ethics

All postgraduate research projects require ethical review by both the university, as
part of the project approval processand by funding bodies such as the EPSRC.
Newcastle University Ethics Committee requires ethical approval in cases where
research involves human subjects (including the use of organs, tissue or
information) or certain live animal subjects. The Alcyomics reearch project uses
skin tissue samples from NHS patients for research. It was therefore necessary to
complete an ethics approval form at the start of the project, so that it could be

reviewed by the Ethics Committee.

The 2004 Human Tissue Act provides &egislative framework around the removal,
use, storage and disposal of human tissue, sets out the requirements for
participant consent, and the mechanism of regulatioby the Human Tissue
Authority . Alcyomics Ltd hadexternal approval from the bcal ethicsresearch
committee for the use of human bodily samples in research and developmeint
place prior to the start of the EngD project. This approval was for the use of skin
and blood samples in the development of aim vitro skin safety assay for the
detection of immunogenicity and hypersensitivity reactions to novel compounds
and drugs. The approval was granted for five years from November 2010, on the
basis that all patients gave informed consent for their tissue to be stored and used
for commercial researd. The tissue is stored in a HTA licensed tissue bank

(Newcastle upon Tyne Research Tissue Bank, Licence No. 12048).

1.10 Organisation of Thesis

Chapterl introduces the industry partner, researchproblem, industry drivers for

the research and highlights the reearch significance and general approach.

Chapter 2 presents the background theory required for full understanding of the
thesis in terms of: human skin histopathology; microscopy and grading in
histopathology; the Skimune assay; digital image processiagnd analysis theory;

and theory of machine learning, feature selection and classification.
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Chapter 3 examines the relevant published literature and current state of the art in
the research area. The challenges of grading in histopathology and potential
solutions are examined, and some of the technologies competing with the Skimune
assay are described. The application of image processing and analysis techniques
in histopathology is surveyed, focusing on the specific areas colour
normalisation, segmentaton (with particular emphasis on the sgmentation of
epithelial tissues), features for histological assessment, automated gradirand

assessment of performance through the use ofgaound truth.

Chapter 4is focussed on Image Acquisition, and gives techmicbackground
information, a description of the systens tested and an analysis of the suitability of

eachsystem for the project.

Chapter 5 describes the development of new processes for theerarchical
segmentation ofthe sample, therelevant tissue typesand finally the features of
damage. The final segmentation algorithms areescribed fully in this chapter. An
analysis of the key epidermal segmentation stage is presented, using a manual
segmentationto determine the sensitivity, selectivity and accuray of the

algorithm.

Chapter 6 describes the extraction ba set of feature measurements, thpre-
processing of the feature vector dataset, the selectiaf an appropriate feature

subsetandthe training and testingof the classification algorithm

Chapte 7 includes ageneraldiscussionof the research contributions,and a set of

suggestions for future work to improve and extend the current research.
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Chapter 2 Background and Theory

This chapter presents the background and theoretical knowledge that underpins
the development of an automated image analysis and classification procedure for
the grading of histological reactions in human skin. Background theory in a
number of areas is introduced in this chapter to explain both the nature of the
histological reactions ad the potential approaches for image analysis and
classification that can be applied. A general introduction to the histopathology and
the structure of human skin is provided in section®.1and 2.2, prior to explaining
the skin explant assay in sectio2.3. Section2.4 describes typical image
acquisition methods used in digital histopathology and the background and
mathematical basis to the relevant image processing arahalysis techniques used
in the research. Sectior2.5 gives a general introduction to the field of machine
learning, with particular emphasis on feature selection, supervised classification
techniques, the training and evaluabn of classification models and the

classification algorithm used in this research.

2.1 Histology and Histopathology

Histology is the microscopic study of plant and animal cell tissue and
histopathology refers to the use of histology for the study and diagrsis of disease
through expert medical interpretation. Histopathology can be used in the diagnosis
I £ AEOAAOA AT A EO OEA OC(Rubinet@dZ007AIAO A 6
also used to assesthe severity and progression of a disease or to research disease
mechanisms. Traditional histopathology relies on the examination of tissue
samples obtained through biopsy by an expert histopathologist. A biopsy is
performed by removing a small piece ofissue (often from a lesion or tumour)
surgically. Commonly used procedures for biopsy include excision, punch biopsy,
shave biopsy and curettage biopsyKempfet al, 2008). The punch biopsy used in
the skin explant assay involves the removal of a@mm diameter cylindrical plug

of skin tissue.

2.1.1 Sample Preparation

The tissue from the bigpsy must be prepared before it can be assessed by a

histopathologist. This preparation stage ensures the sample is stable, thin enough
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to be examined under the microscope and has sufficient contrast between the
structures of interest. Although there are avariety of methods used in
histopathology, the following method is typical of the preparation used in the skin
explant assay. The tissue is first cut into small pieces, and then chemically fixed
using a formaldehyde solution to preserve the sample while taining the original
tissue morphology. The fixed sample is then embedded in paraffin to harden; this
enables it to be sectioned into slices-20 microns thick using a specialised
automated instrument called a microtome. The tissue cross sections can thiee
mounted on to glass slides before removing the paraffin from the tissue so it is

ready for staining.

2.1.2 Colourimetric Staining and Brightfield Microscopy

Many biological specimens do not have sufficient contrast for structural details to
be easily visibleunder a microscope. However, the tissue can be stained with
colourimetric stains to improve the contrast. A variety of lightabsorbing stains can
be used to visualise cells and cell constituents, and they are essential for the
recognition of tissue types ad morphological features. The method of
haematoxylin and eosin (H&E) staining has been used for over a century and
remains one of the most widely applied in histology for reasons of cost, availability,
simplicity and historical precedent(Gartneret al., 2007). Haematoxylin stains the
chromatin in the nuclei of cells a blue/purple shade. Eosin is a counterstain that
binds non-specifically to proteins in the cytoplasm, connective tissue and other
extracellular substances, staining them vaous shades of pink. Alternative stains
can be used to stain the tissue selectively, for instance Oil Red O is used to stain
lipids red and nuclei blue/ black, and Prussian Blue is used to stain iron bright

blue.

Once the tissue samples have been sectiahand stained they are ready to be
examined under a microscope. Although newer techniques such as digital slide
scanning are becoming more common in histology to visualise tissue, the more
traditional technique of brightfield microscopy is still commonly wsed for the
visualisation of H&E stained tissue and is the current method of assessment used

in the Skimune assay.
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In brightfield microscopy the sample is placed om stage above the light source
and light is focussed onto the sample by a condenser lenkaped between the light
source and the sample. Light which is not absorbed by the sample is captured by
an objective lens above the stage, which magnifies the light before transmitting it
OEOI OCE Al AUAPEAAA EIT O AEOEdeLns®@H#e 1T DAO,
sample appears dark in contrast to the bright viewing field, hence the name
O A O E C ERdightidld mictio&opy images are generally acquired using either a
digital camera attached to a microscope, a specialised microscope imaging system,

or a digital slide scanner.

The simplest systems consist of a digital camera mounted on a standard
microscope. This was the first digital setip adopted in many histology labs, due to
the low cost and simplicity. In addition to the quality of camera, thaccuracy of the
system setup can also have a large impact on the image resolution in these
systems. The main issues with such systems are maintaining consistency in terms
of lighting and focusing, and the challenge of creating a whole slide image.
address the issues with the simple camera/ microscope systems, more complex
specialised microscopebased systems have been designed. Motorised stages on
which the sample is mounted can be linked with software to allow adjacent fields
of view to be captured byautomatically moving the microscope stage to a new
position beneath the fixed optics. The stored stage positions can then be used to
join together individual field of view images to create a single whole slide image.
These systems often come with additionlgunctionality and software to allow
auto-focussing, background correction, and reproducible illumination and contrast
setting. Digital slide scanners convert glass microscope slides to high resolution

whole slide digital images using a completely automatl process

2.1.3 Grading in Histopathology

In manual histopathology a medical specialist known as a histopathologist will
examine the tissue and look for the presence of features associated with a
particular disease. Scoring and grading systems with detailediteria are then
used to determine the severity of the disease. For example, grading systems in

cancer histopathology are used to assess the extent of the disease, estimate patient
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prognosis and determine the optimal treatment. Grading subdivides a diagnis
category to assist clinicians in making decisions about treatment, and is commonly
used when assessing tumours and inflammatory conditions. The primary purpose
of most grading systems is to help predict the biological behaviour of a disease and

direct clinicians to the appropriate treatment.

2.2 Structure of human skin

The skin is the largest organ in the human body and is the primary interface
between the body and its environment. It has multiple functions including
protection, sensation, thermoregulation synthesis, storage, excretion and
absorption (Gartner et al, 2007). The anatomy of the skin reflects this functional
complexity and comprises many different cell types, extracellular structures, and
specialised appendages such as hdollicles and sweat glands. There is significant
regional variation in the skin in terms of skin thickness, composition and
appendage density; theappearance and structure of normal skin also varies
according to the age, sex and ethnicity of the subje(dreinkel and Woodley, 200).
The skin comprises three separate layers, the epidermis, dermis and hypodermis,
with the epidermis being the layer closest to the surface. The main features of the
three layers are described irTable2.1. As this regarch involves images showing
only the epidermis and dermis, and is primarily concerned with changes in the
epidermis and at the dermagepidermal junction (DEJ), these areas will be

described in more detail.
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Table2.1 Description of the main features, cell and tissue types in the three main skin layers
(Cox and Coulson, 2010

Skin Layer | Description Main cell and tissue types

Epidermis | A keratinised, stratified, Mainly keratinocytes, some
continually renewing epithelium. | melanocytes, Langerhans cells, and

Merkel cells

Dermis A dense, fibrous connective tissue| Extracellular collagen fibers, ground
consisting of a thin papillary and | substance, and fibroblasts. Mast

thicker reticular layer. cells, lymphocytes and macrophages

Hypodermis| Adipose/fibrous connective tissue | Adipocytes (fat cells), fibrous tissue.

2.2.1 The Epidermis

The thin outer layer of the skin, known as the epidermis, is a type of stratified
squamous @ithelium. Epithelium is a type of animal tissue used to line cavities

and surfaces in the body; stratified squamous epithelium comprises multiple

layers of flat, platelike epithelial cells resting on a basement membrane. The
epidermis consists predominarly of structural cells known as keratinocytes,

which synthesise a protein called keratin. The keratinocytes are organised into
several epidermal layers according to their state of maturity. Langerhans cells are
present in the epidermis, and are a type afendritic cell which have a role in the
OEET 60 Eii OT A OUOOAIi 8 -AOEAT AAI 1O ET OE,
touch function, and are difficult to visualise, requiring a specific
immunohistochemical stain. Migrating cells such as lymphocytes,hich are an
essential component of the human immune system, may also be present in the
epidermis transiently in diseased states. The epidermis regenerates in an orderly
fashion starting with cell division of keratinocytes in the basal layergtratum

basalg of the epidermis. In the basal layer, keratinocytes are columnar in shape

and attached to surrounding cells by structures known as desmosomes.
Melanocytes are also present in the basal cell layer and are the cells responsible for

the production of melanin, which protects skin from ultraviolet radiation.

The next layer is the spinous layerdtratum spinosun), so-called because of the

OOPET U8 APDPAAOAT AA T &£# OEA AAOGI T O1T T A ATT1.
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spinous cells change from a polyhedral shape aethe basal layer to a larger,
flatter shape near the granular layer. The granular layersfratum granulosun) is
characterised by cells with visible granules in the cytoplasm and once these cells
die, they become keratinised and form the tough, outermosayer of skin, the
horny layer (stratum corneum) The four layers of the epidermis and the changing
shape of the cells throughout the layers can be observedHkigure 2.1. (Gartner et
al., 2007

e r "
"~ stratum basale s BN
— ‘ :
L 4 - dim|s~
o N ey

Figure2.1 H&Estained section of normal skin at x40 magnification showing the typical layers
within the epidermis: the basal cell layer (stratum basale); the spinous layer (stratum
spinosum); the granuldayer (stratum granulosum): the horny layer (stratum corneum). Image
credit: Lutz Slomianka 1998009, Blue Histologyitp://www.lab.anhb.uwa.edu.au/mb140y

2.2.2 The DermalEpidermal Junction.

The junction of the epidermis and dermis, known as the dermatpidermal junction
(DEJ) is a type of basement membrane. Basement membranes are complex multi
layered structures found at the interface between cell sheets or between cells and
connective tissue. The DE3 important for the mechanical support of the

epidermis, the anchoring and adhesion of the two layers, and the transport to and
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from the epidermis (Gartneret al, 2007). The complex variety of proteins present
in this layer can affect poliferation, migration and differentiation of keratinocytes.
The basal layers of the epithelium are folded to form dermal papillae where the
dermis tissue forms projections into the epidermis, giving a characteristic wave

like appearance to the DEJ whicham be seen irFigure 2.2.

DEJ

Reticular dermi

Figure2.2 H&Estained section of normal skin at x10 magnification showing the epidermis and
dermis. The dermapidermal junction is highlighted and $alear projections caused by
folding of the layers.

2.2.3 The Dermis

The dermis is a tough, supportive cell matrix comprising a thin papillary and thick
reticular layer, as shown inFigure 2.2. The papillary dermis connects with the
epidermis and consists of thin, collagen fibres which stain light pink in traditional
H&E staining. The collagen fibres, which make up 780% of the dermis, are
loosely arranged in the papillary layer, but form a dense network in the reticular
layer (Fraga, 2013. This gives the two dermal layers different textures within the
image. In addition to the collagen fibres, the dermis is made up of collagen

producing fibroblasts, elastin, structural proteoglycans, immunosmpetent mast
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cells and macrophageg¢Gartner et al, 2007). Groups of cells clustered throughout
the dermis stain in a similar manner to the keratinocytes in the epidermis with

H&E stain, and can therefore appear similar to a small pataf epidermis tissue.

2.2.4 The Hypodermis

The hypodermis lies immediately below the dermis and mainly consists of fat cells
(called adipocytes), nerves and blood vessels. The fat cells are organised into
lobules, which are separated by structures called septam®ntaining nerves, larger
blood vessels, fibrous tissue and fibroblasts. This layer will not be discussed again,
as the specific skin damage that is the subject of this thesis does not cause changes
in this layer. The hypodermis tissue layer is not captwd in the biopsy samples

being used in this research, and so there is no requirement to eliminate it from the

analysis.

2.2.5 Histopathology of the Skin

Skin diseases tend not to have a single cause, unique to the particular disorder, and
as a consequence skinisease definitions often rely on a complex combination of
clinical, histopathological, immunopathological and genetic featureCox and

Coulson, 2010. However, four broad groupings can be define(Fraga, 2013:

A Genodermatoses skin changes associated with abnormal development of the
epidermis.

A Inflammatory dermatoseg a broad category of skin diseases associated with
inflammation.

A Infections and infestationg skin diseases caused by external organisms such as
bacteria, viruses or fungi (infection) or parasites (infestation).

A Neoplasmg abnormal tissue mass due to abnormal cell proliferation which can

be benign, premalignant (precancer), or malignant (cancer).

The GVHRswhich form the basis of this research are a form ofterface dermatitis,
where damage to the epidermis is caused by acell mediated immune reaction.

This type of reaction can be classified as anflammatory dermatosis
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2.3 Graft versus HasReactions

In transplant operations, bloodforming stem cells are given to a patient

intravenously to restore hematopoietic function. GVHD occurs when immureells

~
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own tissues. The skin is usually the first and mostommonly affected organ in
GVHDThe typical histological reactions found in GVHD are known as graft versus
host reactions (GVHR). Lerneet al (1974) described the histopathology of GVHR

in detail following the investigation of a large number of marrow graft recipients

and investigating typical histological reactions. The study resulted in a grading
system being established to assessélseverity of the reactions and predict clinical
outcome based on a series of histological criteria. The grading system described by
Lerner continues to be used to assess GVHR today. The criteria utilised in the
Lerner grading system are given iMable2.2 as a baseline for comparison with the
reduced set of criteria used in the skin explant assayable 2.3 in the following

section).

Table22[ SNY SNRa KA&AG2t 23A0Ff ONRGSNAI F2NJ INF RA

Grade | Description by Lerner 1974

0 Normal skin

I Focal or diffuse vacuolar degeneration of epidermal basal cells and
acanthocytes. Lesion varies from vacuolization of basal cell cytoplasim t

frank necrosis in the basal and suprabasal layers.

Il In addition to Grade | changes, focal and diffuse spongiosis (separation
and intracellular edema of basal cells and acanthocytes), dyskeratosis or
eosinophilic degeration of epidermal cells, tendindgo occur in scattered

individual cells.

1] In addition to Grade Il changes, occurrence of clefts/spaces (acantholysi
epidermolysis) after necrosis of basal cells and acathocytes in the basal
cells and more superficial layers, resulting in separation aghe dermal-

epidermal junction.

v In addition to Grade Ill changes, frank loss of epidermis.
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The main changes described by Lerner relate to the appearance of vacuoles, clefts
and changes at the basement membrane. Vacuoles are membrane bound cavities in
the cytoplasm or between cells, which appear as white regions in H&E stained
images as they are not stained by either haematoxylin or eosin. Vacuolisation
describes a state where the tissue becomes filled with vacuoles either within or
adjacent to the cdb, and is often seen at the base of the epidermis in skin
histopathology. Clefts are a progression of vacuolisation at the basement
membrane, i.e., as vacuolisation becomes more severe the vacuoles begin to fuse
together and clefts occur at the DEJ. Asdlseverity of the immune reaction
increases, the clefts cover an increasing proportion of the DEJ until there is

complete separation of the epidermis and dermis.

2.3.1 Skimune skin explant assay

The Skimune assay is based on @amvitro skin explant assay thauses a surgically
excised section of skin tissu¢Vogelsanget al, 1985).The assay has been used to
predict both the occurrence of GVHD in human leukocytentigen matched bone
marrow transplant patients (Svilandet al, 1990) and to study the pathophysiology
of the diseasgDickinson et al,, 1994; Jarviset al,, 2002). The commercialised assay
applies the technology in such a way that the immunological, allergenic atakic
effects of a particular compound can be tested in a practical and safevitro
environment, while retaining an authentic human immune responseAlthough the
assay in its commercial form is not being used to classify GVHD, the immune
reactions and hstological changes being measured in the assay are assessed using
criteria based on those used to classify GVHDhe original skin explant assay
protocol is described in detail in Sviland and Dickinso1999) the modified assay

used for commercial applications is now discussed

The modifications include using blood and skin tissue from single healthy
volunteers rather than combining cells and tissue from pi#ents and potential
donors. There are also some changes to the laboratory procedures which have
been made to improve the reproducibility of the assay. For the assay, blood
samples and punch skin biopsies are taken from healthy volunteers after informed

consent is attained. The 4mrApunch biopsies are taken from the back below the
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waist-line and each biopsy is dissected into four equally sized sections. In the
culture phase, primary dendritic and Fcells are extracted from the blood sample
and then culturedwith the test compound or drug. These prgprimed immune cells
are then cocultured with the skin samples to induce tissue damage in cases where
there has been an immune response. Skin sections cultured in medium alone are
used as controls. After 72hr incbation at 37°C, skin sections are fixed in formalin,
sectioned and stained with H&E. The manual histopathological grading is then

assessed and confirmed independently by two experts.

AEA 3EEI OT A AOOAU EO AOOAOOAA OmaET Cc A
grading criteria. Table 2.3 shows the simplified criteria adopted by Alcyomics

during the development of the commercial assay. These criteria focus on the major
morphological changes in the tissue such as vadigation, cleft formation and the
appearance of dyskeratotic bodies, disregarding some other features such as
necrosis and spongiosis which were determined not to be criticah the

commercial application.

Table2.3 Histological criteria for grading GVHR in the Skimune assay

Grade | Skimune Histological Criteria

0 Normal skin

I Vacuolisation of epidermal basal cells.

Il Diffuse vacuolisation of basal cells with dyskeratotic bodies.

1] Sub-epidermal cleft formation

v Complete epidermal separation

Controls are included in every assay and include skin biopsies cultured in medium
only. Thein vitro culture process creates some baseline histopathological changes
even when there is no immune response, and soagte 0 tissue with no damage at
all is not usually observed in the assay. The control samples usually show grade |
changes and so a grade | reaction is counted as a negative result. Reactions of
grade Il or above are considered a positive result in this aay, however if the
control sample has grade I, lll or IV changes the assay is repeated. In addition to

vacuolisation, cleft formation and the presence of abnormal cells with a high
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keratin content called dyskeratotic bodies, some of the samples generategudthe

assay include regions of necrotic (dead) tissue.

Figure 2.3 is an image of an H&E stained skin section from the Skimune assay
showing grade | changes. The epidermis tissue boundary is shown in blue and the
rest of the tissue shown is part of the dermis. The part of the epidermis outlined in
yellow is the stratum corneum the uppermost layer of the epidermis consisting of
dead, keratinised cells first described in section 2.2.1). This layer is highlighted as

it is the only part of the epidermis not of interest when assessing GVHR and other
immunological reactions.Figure 2.3 is characteristic of a grade | reaction, in that
the cells of the epidermis areightly packed, with very few vacuoles within the

cells and no clefts at the DEJ.

A tissue sample with classic grade Il changes is shownkigure 2.4. There is
extensive vacuolisation throughout the epidermis, causing the structe of the
tissue to break down. Dyskeratotic bodies, which while not always present at
grade Il, are indicative of at least a grade Il reaction when present. Characterised
by highly stained pink cytoplasm and a condensed, small, dark nucleus,

dyskeratotic bodies are difficult to identify for an inexperienced operator.
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Figure2.3 Section of H&E stained skin tissue showing changes associated with grade | damage.
The whole epidermis is outlined in blue; tha&tm corneum layer of the epidermis is outlined
in yellow

Figure2.4 Section of H&E stained skin tissue showing changes associated with grade I
damage. Arrows indicate some of the sites of vacuolisation.

Figure 2.5 is an image of an H&E stained tissue section showing grade IIl changes,
typified by extensive cleft formation at theDEJ Two of the clefts are outlined in

blue.
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Figure2.5 Section of H&E stained skin tissue showing grade Il changes, typified by extensive
cleft formation at the dermaépidermal junction. Two such clefts have been outlined in blue to
highlight.

An H&E stained skin section showing grade IV changes is shoin Figure 2.6. The
epidermis has completely separated from the dermis tissue in this skin section. It

is of interest to note that the vacuolisation within the epidermis in the grade IlI

and grade 1V images does not always appeas severe as in some of the images of
grade Il reactions. For grade Il and grade IV reactions, the presence of clefts at the
DEJakes precedence over the amount of vacuolisation when determining the final

grading.

42



Chapter Background and Theary

Digital Image Processing and Analysis Theory

(.
e .

Figure2.6 Section of H&E stained skin tissue showing grade IV changes, with complete
separation of the epidermis from the dermis.

2.4 Digital Image Processing and Analysis Theory

Digital image processing and analysis involves these of computeralgorithms to
create,process, communicate, display, analyse and extract information from
images. Image processing and analysis involves many different processes, and they
can beclassified and described as low, mid and high level processes. L-tavel
processes are used to manipulate and process information within the image and
include image transformations, noise reduction, and contrast enhancemeriipth

the input and the output of these steps are image$he overall aim of low level
processing in the conéxt of an image classification process is to suppress image
characteristics and features which are not relevant to the image classification, and
enhance those features which aididcrimination between classesMid-level
processes extract information from he image, using tasks such as segmentation
and edge detection to partition the image into regions of interest, and feature
extraction to isolate quantitative measurements that represent important image
characteristics. Highlevel processes interpret the ifiormation extracted from
images, and include image recognition and classification through to systems
mimicking human vision and cognition. Low, mid and high level processes are all

used within this research, and the rest of this chapter will give backgrouhtheory
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on the processes and operations used in the final algorithriirst an introduction
to the terminology and conventions used when discussing images is provided to

aid understanding of the image processing operations that follow.

2.4.1 Digital Image Represntation

Images are representations of an analogue world and to enable computer
processing they must be digitised. The image acquisition techniques described in
Section2.1.2give an output which is a quantised representation fathe sample that
has been converted from an analogue to a digital signal. The real word image scene
can be represented by a continuous-#8imensional function f(x, y),where xandy

are coordinates and the amplitude of is the intensity or grey level. The

information in the analogue signal is digitised by the two operations of sampling
and quantisation. Sampling is the discretisation of space, while quantisation is the
discretisation of intensity and once the image is digitised, xandy are all discrete
guantities. Each finite element within an image is called a picture element or [ixel.
an image hasn pixels in the vertical direction andn pixels in the horizontal
direction, the image can be described as a matri&, of orderm x n with the

individual matrix elements given byai;.
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The density of the sampling grid with regards to spatial resolution, the number of
different intensity levels chosen forthe discretisation and the level of noise
generated in the system are the most important factors in terms of defining the

quality of the digital representation.

Once the digital image has been captured it must be imported into a suitable
environment capabk of performing the different image processing operations. A

range of image processing systems are available:

A Adobe Photoshop is a graphics editing program which is easy to use and has

many existing functions and processing operations accessed through i@pghic
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user interface. While there are many useful features, the program does not
offer advanced feature selection oclassification functions.

A ImageJ: This freeware has powerful image processing functionality to edit,
process and enhance images, but likkdobe Photoshop, it is lacking the
functionality for higher level processing such image classification.

A Specialised operating systems set up to implement algorithms written in C++,
Python and Javagrogramming languages. These systems offer maximum
flexibility and functionality, but require advanced computer programming

skills.

In this research project, MATLAB® (The Mathworks®, Nantick, Mass), a technical
computing and programming language and environment has been used. MATLAB
can be used for algorithm devlepment, data analysis, visualisation, and numerical
computation, and is particularly appropriate for image processing as it is designed
around matrix manipulation. A number of toolboxes are available which offer
tailored algorithms and tools in differentapplication areas. Those used in the

Ai OOOA 1T £ OEEO OAOAAOAE EIT Al OAA OEA )i Ac,
algorithms and graphical tools for image processing, visualisation, analysis and
machine learning algorithms and tools to organise, analyse and model the data.
This environment was chosen as it is flexible enough to allow tailored
development of low, mid and high levels processes, offers a good range of-pre
existing functions, and can be used to develop new algorithms. In addition, the
programming language was more easily mastered within the time frame of a

doctorate than other options such as C++.

2.4.2 Image Types

A greyscaleimage measures light intensity, and can beepresented by a two
dimensional matrix with each pixel value proportional to the brightness. The least
bright areas are represented by black, and the brightest, by white. In addition to
brightness information, a colour image also contains information abdwcolour. For
the most common colour image representation, the RGB representation, the

intensity matrix is three dimensional (x, y, 2 with three separate matrices (or
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planes) representing the intensity of red, blue and green light. A representation of
the RGB image is given ifrigure 2.7, which shows the three 2D planes which
contain information about the intensity of each colour at each location in the

image.

.
Lt

[ ]
e e €

<«—— Blue intensity
<—— (Green intensity
<«—— Red intensity

Figure2.7 A repregntation of an RGB image of order, m x n. A pixel at spatial coordinates (x,y)
will be represented by the column vectgrshown in the figure.

2.4.3 Image Resolution: Spatial and Intensity

The spatial resolution determines the level of detail which can be afiteed from an
image. When considering amm x n matrix representing an image, the values ah
and n tend to be powers of 2 (e.g., 128, 256, 512) to align with standard computer
architecture. The resolution of an image is dependent on the magnitude mfand n;
if the magnitude is too small (e.g., <32) then the image appears to be a collection of
squares and interpretation is lost. InFigure 2.15 the shape of the bike can be seen
clearly in the first two images which have a spatial radution 412 x 550 and 206 x
275, it is just discernible in the 41 x 55 image, but cannot be identified in the 21 x
28 resolution image. The exact pixel number required is dependeon the
complexity of the image, the image contrast, and the information redgyed, but it
should be a high enough resolution to observe the required detail but not so high

that unnecessary computer power and storage space are required.
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Figure2.8 An RGB image displayed at four splaresolutions, 412 x 550, 206 x 275, 41 x 55
and 21 x 28.

As with spatial resolution in an image, intensity resolution is usually measured in
powers of 2 with an 8bit greyscale image having 256 (® possible intensity levels
(or grey-levels). Measuremat noise or the display system used can limit
resolution; computer screens are typically limited to the values of55. The most
common image representation is 1 byte per pixel (®it), which has intensity levels
over the range 0255. Images where intendly is limited to two values, 0 or 1, are
known as binary images. These images are important in segmentation,
morphological processing and classification of objects within an image as will be

described later in this chapter.

2.4.4 Colour Image Processing

Visible light is made up of electromagnetic radiation within the 380nng 780nm
band of frequencies. Different coloured light corresponds to set wavelengths, and
the colour of an object is the product of the wavelength spectrum of the incident

light and the absorpion and reflection properties of the object.
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Colour theory is made more complex due to the fact that human colour perception
and vision is limited by our optical system. The tristimulus theory of colour
perception states human colour vision and perceptios based on three types of
colour receptors (called cones), which integrate over the red, green and blue parts
of the spectrum. Humans see colour as variable combinations of the primary
colours, red, green and blue. Combing two primary colours of light pduces the
secondary colours magenta (red and blue), cyan (green and blue) and yellow (red
and green) and combining all three primaries produces white light. In contrast,
coloured pigments work using a subtractive colour model, where a particular
coloured pigment will absorb one primary colour of light and reflect the other two
(e.g., absorb magenta, and transmit cyan and yellow)hile the red, blue, green
colour representation is the most familiar, there are a variety of other

representations grouped unde the term colourspaces.

2.4.5 Colourspace Theory

Colourspaces are mathematical models which describe the representation of

colour using colour components. More specifically, they aid the description,
specification, visualisation and transfer of information aboticolour, between

people and machines, or between different machines. Colourspaces can exist in 2D,
3D or 4D, so a set of 2, 3 or 4 coordinates can be used to express any colour and its
position within the colourspace. Most models are based on a three compents

system similar to the human colour system. There are a variety of colourspaces

and the application under study and equipment being used often determines

which is the most appropriate. Some of the colourspaces investigated in this

research are descied in the following section.

Red, Green, Blue (RGB) Colourspace The RGB colourspace is based on human
visual trichromatic theory and is an additive colourspace, meaning that from a
start point of black (or darkness), colours are created by the additioof different
coloured light. The colourspace uses a Cartesian coordinate system and can be
represented as a cubdrigure 2.9. Images from colour cameras are RGB images,
and consist of threem x n, 1 byteper-pixel images, each regesenting the intensity

of red, green or blue. For an-®it image the coordinates (0, 0, 0) represent black,

48



Chapter Backgound and Theory
Digital Image Processing and Analysis Theory
(255, 255, 255) white and (0, 255, 255) cyan. The x 3colour vector used to
represent some of the colours commonly found in the research imageseagiven in

Figure 2.9.

white

cyan

|- (255, 80, 210)
|- (100, 25, 150)
|- (10, 180, 50)

blue |, .
255

yellow

0

black 255 red

Figure2.9 Representation of thRGBRcolouispace cube and representation in RGB colour model
of three colours.

The RGB colourspace is not particularly inttive or easy to interpret. Figure 2.10
shows the different colour channels of an RGB image; counttuitively the
oranges and carrots have higher red intensity than objects which appear a pure
red to the human eye (e.g., the tepepper) and the yellow objects also appear to
have a higher green intensity than the more obviously green objects. The
reasoning behind this is that orange colour contains a high intensity of red light,

but the high intensity of green light combines withthe red to produce orange.

RGB Red Plane

Blue Plane

Figure2.10 RGB image and the three colour channel intensity images of the RGB colourspace
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A number of colourspaces separate the lightness/ brightness component from the
colour components. This enables the colour and greyscale information to be stored
and transmitted at different resolutions and bandwidths, and in microscopy
applications isolates staining and lighting differences from the lightness
component. Many colourspacesse hue and saturation as the colour components
and a third descriptor such as value, brightness, intensity or luminance. Examples
include hue saturation luminance (HSL) model, where the RGB data is transformed
to give an achromatic additive RGB signal artd/o differential chromatic signals
(Garbayet al, 1981) HSV (hue, saturation and vale) which is described in more
detail in the following section, HSL (hue, saturation, lightness) and HSI (hue,
saturation, intensity) (Geladi and Grahn, 1996The Mathworks, 2010.

HSV Colourspace HSV represents colour in an intuitive manner, a hue can be
selected and then the saturation and intesity modified. Huerepresents the
wavelength of the coloursaturation is the dominance/ purity of a hue in the final
colour (0% being grey and 100% the pure colour) andaluerelates to the lightness
of the colour.Figure 2.11 shows the HSV colour channels. While the yellow, orange
and red objects are difficult to differentiate using hue, the purple cabbage and
green vegetables exhibit greater contrast. Some of the different shades of green,
red and orange can be identified usinthe saturation and valuechannels;however
similar colours (e.g., carrots and oranges) are difficult to differentiate by eye. It
may be possible to quantify these finer differences when examining the numbers,

which is a benefit of computer based image ahgsis.
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RGB Hue

Saturation Value

Figure2.11 RGB image and the three colour channel intensity images of the HSV colourspace
Other colourspaces separate out the colour component using two or more

measures of chromaticity (an objectie colour specification independent of

luminance which combine hue and saturation information), and a measure of

brightness.

YCbCr Colourspace Widely in digital video and photography systems, this is not a
true colourspace, but rather a way of encoding RABformation differently using a
linear transformation. The transform rotates the RGB reference axis so the
diagonal of the cube (from the black to white corners ifrigure 2.9) forms the main

X axis, representing luminance Y). The two remaining axes y and z) contain the
colour information. This approach is taken because humans are more sensitive to
luminance than colour, and splitting the information in this way allows a greater
emphasis to be given to the luminance component arishndwidth compression to
be performed. The two colour channels are named bledifference (Cb) and red
difference (Cr).Figure 2.12 shows the YCbCr colour channels. The Cb channel
highlights the contrast between the orange objestand the red and green objects,
while the Cr enhances the contrast between the red/ orange objects and the green

objects.

51



Chapter Background and Theary

Digital Image Processing and Analysiedri

RGB Luminance

Figure2.12 RGB image and the three colour channel intensity images of the Y GhCspace
L*a*b* Colourspace : While the tristimulus theory implies that any colour can be
created using a combination of red, green and blue, this is not the case for all
visible colours. This issue was addressed by tH@ommission Internationale de
I'Eclairage (CIE), who defined three standard primaries in 1931, Y and Z, which
can be combined to make any visible coloulhe CIE has developed a number of
additional colourspaces which aim to improve on the originaCIEXYZincluding
L*a*b* which aims to provide a perceptually uniform colourspace In a uniform
colour scale, differences betwen points defined in the colouspace correspond to
visual differences as perceived by a human. The colourspace is a #imear system
in contrast to those already discused, and these nosinear relationships of the

components are based on the logarithmic response in the human visual system.

L*a*b* has a luminance channell(*) and two chromaticity channels forred-
greenness &*) and yellow-blueness p*). The representaton in Figure 2.13 shows
a vertical axis which contains the luminance information, and two perpendicular

axes to show the two colour channels.
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Figure2.13 Representation of the L*a* colourspace(The Mathworks, 2010

A similar colourspace to theL*a*b* is the, | ,pbtained by applying principal
components analysis to a set of natural imagéfudermanet al, 1998). The first
three principal components were found to represent luminance, yellowblue and
red-green. This finding demonstrates the usefulness of these two colourspaces
when processng images from natureFigure 2.14 shows theL*a*b* colour

channels. The a* (reegreen) channel enhances the contrast between red and green
objects very effectively, while the b* (yellowblue) channel enhances the contrast
betweenthe purple cabbage and the yellow/ orange objects. THer channel allows
similar hues of differing luminance to be differentiated, e.g., green lettuce, broccoli

and pepper.

RGB L*

Figure2.14 RGB image and theride colour channel intensity images of the L*a*b*
colourspace
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It is sometimes desirable to convert colour images tgreyscale, so that an overall
measure of intensity can be made. An image can be converted from colour to

greyscale in a number of ways, inading:

A Thelightnessmethod, which averages the most prominent and least prominent
colours: (max(R, G, B) + min(R, G, B)) / 2.

A The averagemethod, which averages the values: (R + G + B) / 3.

A The luminosity method, which forms a weighted average to accoufior the fact

that humans are more sensitive to green than other colours.

One approach for converting from RGB images (the effect of which is shown in

Figure 2.15) is to apply the MATLAB functiorrgb2gray, which extracts the

luminance information based orconversion from the RGB colowspace to the

National Televisid 3 UOOAIT #1711 I E &padkArBedummmande (YAikthd OO
greyscale signal used to display pictures on monochrome (black and white)

televisions, and the other compnents carry the hue and saturation information.

The underlying calculation (Eqg.2.1) uses the weightings that define the luminance

when converting from RGB to YIQ:
L ™oy i ™ wX @ ™ p T TA Equation2.1

where Ris the red colour channel imageGis the green colour channel image and
B is the blue colour channel image. The weightingigure 2.15 compares a RGB
image and the equralent greyscale image produced usinggb2gray. The figure
shows how much information is lost during this process, the red pepper, lettuce
and grapes which were easily distinguishable by colour contrast in the colour
image all have a similar intensity in he greyscale image. To prevent this loss of
information, it is sometimes better to consider the intensity of the colour planes

separately.
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Figure2.15 Colour RGB image and the same image converted to gileysc

2.4.6 Image Transforms

Image transforms are transformative operations performed on an image to change
its representation. These may involve mathematical operations (simple image
arithmetic, Fourier transform, Hough transform), histogram modification
(equalisation and adaptive equalisation), or geometric operations (rotation,
scaling). Simple image arithmetic operations involve the point wise combination of
two images using basic arithmetic or logical operators including addition,
subtraction, multiplication, division, logical AND and NOT. For the addition of two

images,A and B, the (,j)th element of the output image ©) is given by
#r Ap Aj Equation2.2

If an operation, H, is carried out on an image matrixC, the result can be described
using standard matrix notation. If the operation produces a new imagb, then D =
H(C). Typical low level operations of this form include shading correction, contrast
enhancement, binarisation and noise reduction, and geometric transforms such as
rotations, stretching and shrinking. If the operation produces a vectad, thend =
H(C). This type of midlevel operation is a usually a data reduction and the vector,
d, may be the greylevel histogram of the original image. If the operation produces
a scalard,then d= H(C). This mid or high level operation is always a data
reduction operation and the scalar output might be a key piece of information such
as number of cells present in the image. It is likely that such an operation would be
complex and involve a number of steps to move from the original image to the final

scalar vale, (Geladi and Grahn, 1996
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2.4.7 Pixel Neighbourhoods
The pixels surrounding a partcular pixel define the pixel neighbourhood. This
neighbourhood might consist of the pixels above, below and at either side of the
pixel (4-connected) or it may also include the diagonal pixels (Bonnected). In
image to image operations, the pixel neighheohood is an important difference
between global, local and point operations. Point, local and global operations are
summarised inFigure 2.16, for an input imageA and an output imageB, the pixel
output at B is dependent orly on the pixel atA;) for point operations, while for
local operations the pixel output also depends on a neighbourhood of pixels
around A j). For global operationsByj is dependent on all pixels in image\,
(Gonzalez and Woods, 2008

Input Output

""""" = Point Operations

L. ] ey |

i 4connected * Local Operations
—

P— * Global Operations

Figure2.16 Diagramshowing how pixel neighbourhoods relate to point, local and global image
operations

2.4.8 Image Mean Filtering

Mean filtering can be used to smooth images by reducing the intensity variation
within defined pixel neighbourhoods. When mean filtering is applied, e pixel in
the input image is replaced with the average value of its neighbours. The technique
uses a matrix of numbers of a smaller order than the input image, which is known
as a kernel. The kernel defines the shape and size of the neighbourhood overickh
the average calculated. An example of a square 3x3 kernel is showrfigure 2.17.

For a kernel of sizem x n, each element is given a value of 1h{x n) which is then
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used to perform a weighted multiplication The origin pixel, shaded in the figure,
defines the position of the pixel being affected in the output image and can be any

position within the kernel, but is usually placed at the centre.

1/9 | 1/9 | 1/9
1/9 | 1/9 | 1/9
1/9 | 1/9 | 1/9

Figure2.17 Square 3x3 Kernel for Mean Filtering, with the origin placed in the centre.
Convolution is the process by which the two matrices (the input image and kernel)
are multiplied together. The kernel slides over the input imageto each position

in which the kernel fits in its entirety. In each position, each kernel pixel (or
weighting) is multiplied with the underlying input image pixel, then the sum of all
these pixel products are added together and used to define the pixellua in an

output image at the origin position of the kernel.

2.4.9 Contrast enhancement methods

Formally, the contrastc between two intensity valuesx: and x. can be defined as
the absolute value of their differencec(x, x2) =|x1 £/ %2|. Low contrast imageshave
intensity values across a narrow distribution (i.e., mainly bright, mainly mietone,
or mainly dark). Contrast enhancement adjusts the relative brightness and
darkness in an image to improve the visibility of certain objects or features. Grey
level histograms can be used to illustrate image contrast as they show the
frequency distribution of pixels with regards to pixel intensity. Contrast
enhancement can be achieved using remapping, a process by which the grey levels
in the original image are mapped nto new values using a transform mapping
function. A functiong can be used to generate a contrast enhanced imag from

image,A:

| » =% A
Equation2.3

MEN B phQ B p
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The transform determines how the intensity distribution is remapped, as shown in
Figure 2.18. In the figure a sigmoidal transfer function is shown which can be used
to map any input grey level (on thex axis) to a new grey lgel on they axis. A
variety of linear and nonlinear fixed functional forms including lognt root, linear,
nth power, inverse log and gamma correction can be used to transform the original
grey levels to their new values. Alternatively adaptive transforra including

histogram equalisation or histogram matching can be used.

[\
n
h

A
[

Output
Grey-level

in Image B <

| |
Input Grey-level in Image A

Figure2.18 Remapping grejevels using a transform function

One of the simplest transforms used to enhance contrast is a linear transgin
which stretches the greylevel values to create a histogram spanning the full
dynamic range (0 255). A low contrastmage,G, is transformed to a high contrast
image," @y remapping the grey levels. The lowest grey level & Gluin, is
mapped to a ew minimum grey level' ,m&, and the highest grey level itG, Glmnax,

to a new maximum grey level ,m&. The linear transform is given by:
gg OO0 ¥—-—+—"—¢€5 ', ', @ Equation 2.4

where the /NT function returns the integer value.GLmin and GLmax can be replaced
with points Pmin and Pmaxwhich lie within the grey level histogram.Figure 2.19
illustrates the effect of the linear transform on a grey level histogram and shows
that the original intensity distribution is approximately preserved in this type of

contrast enhancement.

58



Chapter Background and Theory

Digital Image Processing and Analysis Theory

Histogram Histogram
forimage forimage G’
>
(&)
3 0 0
o)
9
i
Gme l GLmax GL fmax
0 255 0 255

Pixel Intensity Pixel Intensity

Figure2.19 Diagramillustrating the effect of contrast stretching the intensity histogram, using
a linear transform. Two sets of potential high and low values for the remapping are show.

The penetration points can be determined using a cumulative percentage
histogram which shows the percentage of pixels between zero and each grkyel.
Figure 2.20 shows the selection ofP»i»and Praxfrom a cumulative percentage
histogram. The proportion of pixels excluded can be chosen based on the
application, for example the lowest and highest 1% of intensities could be mapped
to 0 or 255 respectively, meaning resolution at the extremes of intensity is lost.
This is a useful technique if the intensity band of interest is at the mid grey level as

opposed to the exreme grey levels.

1 ]

Cumulative Percentage
%

.

01 +255

Pin Intensity

Figure2.20 Diagram illustrating how penetration points can be selected using a cumulative
percentage histogram.

An alternative method to enhance resolution in a set band of intensities to select
penetration points bordering a particular band of intensities, as shown ifrigure
2218 4EEO EAO OEA AEEAAO 1T &£ OAiI T OET ¢ OEA
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distribution (which may represent a particular region ofthe image which is not of
interest, such as background), and allowing the rest of the distribution to be

contrast enhanced by stretching the remaining pixels out to intensities of-255.

v

0 Intensity 255 0 Intensity 255
Figure2.21 Diagramillustrating the effect of selecting a set band of intensities for a linear
remapping.
More complex histogram equalisation methods are available which modify the
dynamic range and enhance the contrast in images by adjusting the shape of the
intensity histogram. In some forms of histogram equalisation (e.g., thesteq
function in MATLAB), the pixel intensities from an image histogram are mapped to
new values using a nodinear transfer function, such that the resulting new image
has a uniform distribution of intensities and a flat intensity histogram. In contrast,
adaptive histogram equalisation defines a pixel neighbourhood then derives a
transfer function which will ensure each pixel is mapped to any new distribution
specified. Theadapthisteqfunction in MATLAB uses this type of process. The
process can be limited by specifying a certain range for the final mapping which
may help to avoid amplifying noiseFigure 2.22 shows the effect of thenisteq and
adpathisteqfunctions ona greyscale image and its histogram. The adaptive
EEOOI COAi ANOAI EOGACETIT DOAOGAOOAO OEA OOA]
background remaining white and the contrast enhancement showing the tissue in
more detail. Performing the contrast enhancment on separate tiles means that
variations in intensity across the image (e.g., due to lighting inconsistencies) do not
create problems. In some cases the nesdaptive mapping to a flat intensity
histogram can reveal hidden features that were not obvioum the original image.
The selection of an appropriate method for contrast enhancement is dependent on
the shape and dynamic range of the original image, the regions of interest, and the

variation in contrast across the image.
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Greyscale Image Histogram equalisation (HE) Contrast limited adaptive HE
histeq adapthisteqg

o = = = o 3 @ T 7% =

Figure2.22 The effect of normal and adaptive histogram equalisation on a greyscale image and
its intensity histogram.

2.4.10 Set and logical operations

Set theory is a mathematical field that studies sets of objects, and it is an essentia
tool when working with binary images and identifying objects in an image. Each
member of a set is referred to as an element of the set. In image processing, the set
can represent the whole image, or alternatively an object or feature in the image, in
which case the pixel coordinates of all pixels in the object will be the elements of
the set. Typically, sets are represented by uppercase letters, such4®,and G

and set members by equivalent lowercase letters, such asb, andc. If an element

ais amember of a setA, then N 0, and if it is not a member of4, thenwe 0. For
example, ifEis set comprising all even numbers, the sef, of all even numbers less

than 100 can be denoted as:

O "X 0OsSQ prnm Equation2.5
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If all the members of sefA are also members of seB, thenAis a subset 0B,

denoted asd P 6. A set with no elements or members known as an empty or

null set and is referred to using the symbol . Binary operations can be caied out

on sets and those that are useful in image analysis were defined by Gonzalez and
Woods(2008):

A

Union of sets, e.g.0° 0, is the set of all objects which are members &,or B
or both. Sets A and B are shown iRigure 2.23a, the union is labelled C in
Figure 2.23Db.

Intersection of sets0 = 0, is the set of all objects which are members of both
AandB. The intersection of sets A and B is labelled D kagure 2.23c.
Complement of a setA,is all the elements &) in a given object universe (e.g.,
the whole image) that are not in setA. It is defined aso Ggoe 0 ,and the
complement of set A is labelled in Figure 2.23d.

Reflection (transposition) of setA, 0 is the reflection of all elements 0B
about the origin. If0 0, the set is symmetric. It is denoted CON 0
and is labelled E inFigure 2.23e.

Translation of setA, (A);is the translation of the origin ofAto point z. It is

defined as 6 GRY @ oh EId® 6 andis labelled F inFigure 2.23.

Figure2.23 Diagrammatic representation of set theory, showing ur{ion intersection (c),
complement (d), reflection (e) and translation (f).
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The low level processes described in the previous sections include image
transforms, image filtering, contrast enhancement methods and logical operations.
These processes can eithide used to preprocess an image before segmentation
or as part of the segmentation step itself. The process of segmentation is described

in the following section.

2.4.11 Segmentation

After image pre-processing, the first step in image analysis is typically
segnmentation, a process in which an image is partitioned into constituent parts or
objects, comprising sets of pixels. This key step marks the transition from
analysing the image at pixel level to analysing the objects comprising sets of
contiguous pixels. Idetifying objects in a complex image can be made easier by
converting the image to a logical or binary form where the pixels of the objects of
interest are labelled with a 1, and the remaining pixels are labelled with a 0. Once
the objects have been identied, a variety of measurements including area,
position or texture can be extracted and the resulting data analysed statistically

and used for image classification.

Segmentation approaches are generally suflivided into region and contour based
approaches Regionbased methods create sets using pixel or neighbourhood
properties such as colour, intensity, location or texture. Examples of region based
methods are thresholding, region growingand region splitting/ merging. Contour
based approaches look for dcontinuities in an image, using edge or boundary
detection with local processing techniques, global approaches or more complex
methods such as active contours. Segmentation is simplest either when pixels in a
particular object or regions of interest havesimilar greyscale values (in which case
a region based approach is most appropriate), or when neighbouring pixels in
different objects have dissimilar values (in which case a contour based method will

be most suitable).

In histopathology, segmentation isusually used to identify the presence, number,
distribution, size and morphology of diagnostic features including tumours,

specific cells, nuclei and glands. The accurate identification of these structures is an
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essential first step in the diagnosis, stagg and grading of disease using image

analysis.

2.4.12 Thresholdingg A region based approach to segmentation

Thresholding provides one approach to identifying regions of interest in an image.
In the underlying process, the intensity or colour characteristics gbixels are used
to classify them as either background or foreground, although multiple thresholds
can be used to create more complex segmentations. The input for thresholding is
typically a colour or greyscale image with the output being a binary image imhich
pixel intensities are assigned as 0 (background) or 1 (foreground). In the simplest
form of thresholding a single intensity threshold is set, with pixels above the
threshold in the input image assigned a 1 and displayed as white and those below
assgned a 0 and displayed as black in the output image. For the conversion ofran
x n 8-bit image A with values from 0-255,to ad € binary image,BW, using a
threshold value of 100 then:

” p EAEA=f Pp0N Equation 2.6
TR - uation 2.
T A Al GA; q

pTT
More complex thresholding techniques specify pixels within a certain intensity
band, specify multiple thresholds or banddgor different colour channels, or retain
colour information in the feature regions rather than changing them to black or
white. Figure 2.24 is an illustration of how thresholds might be selected using
intensity distribution histo grams, the arrows represent potential points for
thresholds or thresholding bands to be set to create a segmentati¢gonzalez and
Woods, 2009. InFigure 2.24, a simple selection method has been illustrated,
whereby each separate peak in the intensity histogram is assumed to represent a
region of interest that should be segmented. However this may not be the case and

so often more sophisticated methods are required.
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Figure2.24 Representation of typical intensity histogram distributions anitiable threshold or
threshold bands

While thresholds can be set manually using application knowledge, automating the
process is quicker and less subjective. In their survey of image thresholding
methods, Sezgin and Sanky2004) defined six algorithm categories based on tn
information used to create the threshold: histogram shape, measurement space
clustering, histogram entropy, image attribute detail, spatial data and local

characteristics. Methods for selecting the threshold automatically include:

A Themean method: The men grey level in the image is used as a threshold.
This method is most useful as a first guess threshold used as the starting point
for some of the other methods.

A Theintermeans algorithm ( or IsoData) : Proposed by Ridler and Calvard
(1978) and Trussell(1979), this method starts with an estimate of the
threshold value from which the mean values of pixels in each set (foreground
and backgrownd) are made. In an iterative process of mean determination and
incremental threshold change, the threshold is repositioned to lie exactly half
way between the two means

A Theintermodes algorithm : This approach assumes a bimodal distribution.
The histogramis iteratively smoothed until two local maxima remain,j and k.
The threshold is then calculated as’Q "Q¥¢ (Prewitt and Mendelsohn, 1969.

A TheOtsu thresholding method: Proposed by Otsi{1979), the method is a
point-dependent global thresholding technique that can be applied to bimodal
grey-level histograms. The clustering algorithm maximises the separation of
the foreground and background pixel sets by searching for a threshold which

minimises the intra-class variance. To do this, the variance of the foreground
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set (weighted according to the number of pixels in this set) is added to the
variance of the background set (weighted according to pixel number). While

this approach can be usetb screen all possible thresholds until the weighted

inter class variance is minimised, a faster approach exploits the fact that the
threshold with the minimum intra -class variance also has the maximum inter
class variance. A the inter-class variance is rach quicker to calculate than the

intra-class variance this approach is most commonly used.

The relative merits and the reasons for the choice of method used in this research
are discussed in Chapter 3. The final image processing technique to be introduced
is mathematical morphology, which can be performed after segmentation to
modify the segmented regions within the image and extract information from

them.

2.4.13 Connectivity and mathematical morphology

First described by Georges Mathero1975), Mathematical Mrphology (MM) is a
theoretical approach to the analysis of geometric structures and encompasses a
range of operations utilising set theory. MM pocessing can be applied to greyscale
or binary images, but discussion of it in this thesis focusses on its use for
processing binary images. MM operations are particularly useful for object
recognition in image analysis, as the operations can preserve tkey shape
characteristics of an image while removing uninformative variations in intensity
(Haralick et al,, 1987). By distinguishing between meaningful shape information

and irrelevant shape information, this approach mimics human visual perception.

Morphological processing operations require thenteraction of an input image

pixel set with an external pixel set in the form of a structuring element (SE). A SE is
A I AOCOE@ 1T &£ n60 AT A poOh CATAOAITIT U I OAE
AEA p6O AAEET A OEA OEADPA Mhdkampledl &disk £ A

and diamond shaped SE is shown iRigure 2.25. In MM and binary processing,

objects are contiguous regions of foreground pixels with a value of one. Objects

within the input image are analysed using an appropately shaped SE, and the

output image pixels are based on a comparison of the corresponding pixel in the

input image with its neighbourhood, as defined by the SE. By varying the size and
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shape of the SE, it is possible to extract shape information forfidirent parts of the
image. The shape of the SE is chosen based on the shape of the regions or features
of interest. For example, when MM is applied to images of circuit boards,
horizontal and vertical linear SEs tend to be used to help identify the cirdsi while
biological applications attempting to identify cells are more likely to use a disk
shaped SE.

] 1 0 0 0 i 0 0 0
v} 1 1 1 1 1 0 0 0 1 1 1 0 0
[olal2|4d]22]lol-o®&n [ola|2|4|2]|2|o0] oOrgn
R:3 L —— | R=3
MR ZRYEENE MEEENZ) ST ERE
e —
0 1 1 1 1 1 (1] 0 1 1 1 1 1 0
olalalafalalo ololal1|1]o]o0
ololol1|o]o|o ololo|1]|o o]0

Figure2.25 Structuring element matrices which form the basis of disk and diamond shaped
structuringelements with a size (radius) of 3.

The most basic MM operations are dilation and erosion; these two operations are
used both on their own and as the basis of more complex operations including
opening and closing. An example of the effect erosion and dilahn have on binary
objects is shown inFigure 2.26. The 3 x 3 SE is moved sequentially across the
original image, and the pixels in the 3 x 3 neighbourhood are averaged to
determine the output pixel in the new image. Dilation teds to make objects bigger,
smooth uneven edges and bridge gaps whereas erosion tends to make objects
smaller, remove protuberances and break bridgesThe definitions and
mathematical notationin this thesisare based onthose used by Gonzalez and
Woo0ds(2008).
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. Square 3x3 structuring element

Original image

DILATION EROSION

Figure2.26 Diagram showing the effect of erosion and dilation with a 3x3 structuring element
on a simple binary image.

Dilation and Erosion

In dilation, pixels are added to the boundaries of objects using a rule stating that
the output pixel is set to 1 if any pxels in the input neighbourhood are 1. In
mathematical terms, ifAis a set of pixels in the input image an® a SE, ther is a
reflection of Babout its origin and dilation,0d 6, is the set of all pixel locationg,
where the reflected SE overlaps with pixels i\ with a value of 1 when translated

to z:
080 ao6 ,0 1 Equation2.7

Erosionis the opposite of dilation; pixels are removed from the outside of objects
based on a rule stating the output pixel is set to 0O if any pixels in the input
neighbourhood are 0. The erosion) S 6hof setAby structuring element B, is the
set of all pixel locationsz such thatB overlaps with pixels in Awith a value of 1

when translated to z:

%

6S6 @6 00b Equation 2.8

Erosion and dilation are dual with respetto reflection and complementation,
more specifically, erosion of the image background is equivalent to dilation of the

image foreground, i.e.,6 S 6 O a6.
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Opening and Closing
Morphological opening can be used to remove small objects, sntbabject
contours, remove thin protrusions from and bridges between objects in a similar
manner to erosion, however it also approximately preserves object size. The
opening operation is erosion of a sef by a structuring elementB followed by

dilation of the resulting setby B. Opening, denoted 2" is given as:

tz" 1S g" Equation 2.9

Morphological closing can be used to smooth object contours, fuse narrow breaks
and thin gulfs, and remove small holes in objects like dilation, while approximale
preserving object size. The closing operation is dilation of a satby a structuring
elementB, followed by erosion of the resulting set bys. Closing, denoted t" can

be given as:
rge 1§ 8- Equation 2.10

Hit -or -Miss Transform

This transform for shape detection aims to identify the location of a shapgiin a
set A. It can be used to locate isolated foreground pixels, or endpoints and contour
points of foreground objects. IBis the set includingXand its background, the

match of Bin A, denoted®t 6 is given as:

ot 6 0S 6 08 0 Equation2.11

where B;is the set of elements oBassociated with the object X and B-is the set

of elements of Bassociated with the corresponding bakground.

Locating Boundaries/ Object Perimeters
The perimeter or boundary of a set of connected pixeld, denoted” 0 can be
found by eroding Aby B, then calculating the set difference of the original and

eroded A This is given as:

(o) 0O 0S§O Equation2.12
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Locating objects/ region filling

This process takes known point inside the boundary of an object, and then fills the
I AEAAO OA CE IvtepresénCarconpedt€d @ompohedt (objectn set A.

The process of selecting the object begins with a zero arrdy the same order as4,
with a point pat some location inside the boundary of the object. An iterative
procedure can then be applied to grow the region until all the elements dfhave

been found. The iteration applied is given as:
© ® $§6 0o6h 0O pkhlotBh Equation 2.13

where Bis the SE. The intersection with A limits the dilation so it is does not
extend beyond he region of interest. The iteration process continues unti = X1
at which point Y =X« The process can be applied to multiple objects, as long as a

pixel location within each object is known.

Filling Holes

A hole can be defined as a conoted region of background pixels surrounded by
foreground pixels. IfAis the set of pixels surrounding a hole, the task is to fill the
holes with foreground pixels. The process of filling a hole begins with a zero array
Xo the same size a#\, with a point p at some location inside the boundary of the

hole. The following procedure is then used to fill the hole with foreground pixels:
@ & $§6,.,06h Q pliBh Equation2.14

where Bis the SE. The intersection with the complement of A, limits the dilation so
it is always inside the region of interest. The iteration process continues unti =
X-1. To fill a hole within an object already identifiedAis replaced withY

determined as described in the previous section.

Thickening
Thickening is used to thicken and grow concavities in objects without them
merging completely. The thickening of sef using SEB can be defined as a hior-

miss transform and union:
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06 06° 0t o Equation 2.15

The additional pixels identified by the hitor-miss operation are added to the
original pixels in the object. The operation can also be defined as a sequential

operation:
0s 6 ot 6 t &6 8 t 6 Equation2.16
where a series of rotated SEBt, B2h &M is used to carry out the procedure.

2.5 Machine Learning, Feature Selection and Classification Theory

In machine learninga computer or automated system learns to carry out a task or
solve a problem from a series of data based examples, as opposed to from a set of
programmed rules. It is generally used to describe processes which aim to
reproduce human learning. Tle data examples (known asbservation$, are

analysed and a set of properties extracted and used as inputs for the learning
machine. These inputs are known calleteatures(or explanatory variables), and

can be binary (e.g., true, false), categorical (e.glonde, brunette and red), ordinal
(e.g., low, medium and high), integevalued (e.g., number of words in an email) or
real-valued (e.g., cholesterol level in the blood). Once the features are extracted
they are used to adjust internal parameters of a gdictive model so that the model

captures the underlying patterns and can begin to make accurate predictions.

Further background theory onclassification isprovided in section2.5.2 Prior to
this some background is given on ®thods for extracting the features used in the

classification algorithm.

2.5.1 Feature Extraction

Features are measurements or attributes which capture important information
representing the differences and similarities between input observations in a
classification system. A set of feature measurements can be stored in a feature
vector, which represents the information in a 3 dimensional colour image (e.g., a
RGB image with 3 colour channels) in a 1 dimensional list of numbers. Feature
extraction aims to capture the information required to develop an accurate

classifier within a significantly smaller dataset than the original image. For
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example, a typical RGB image used as an input in this research project is of the
order of 2666 x 3863 x 3 pixels, and hence Wibe represented by 30,896,274
values. The extraction of pertinent high level features could allow the image to be
represented by as few as five numbers in the final classification model. Feature
extraction is one form of dimensionality reduction used inmage analysis, other

forms will be discussed in sectior?.5.6.

To be useful for image classification, the features should vary between classes/
categories, remain as resistant as possible to other variation in the image inclugi
lighting, rotation and staining and also be detectable using an automated process.

Features used in histological image analysis can be categorised as:

>\

Morphometric features, e.g., size, shape

>\

Intensity/ colour features, e.g., hue, intensity, saturatio, optical density

>\

Texture, e.g., capccurrence matrix, Gabor, energy, fractal and wavelet.

>\

Architectural or graph based spatial features, e.g., nodeimber, clustering ce

efficient, spectral radius

In histopathology, morphometric features are often basg on visual attributes used
by clinicians and histopathologists to grade or classify disease. These features are
usually object based and associated with the shape and size of tissue structures
such as glands, tumours, whole cells or cellular componentsciading nuclei or
cytoplasm. Typically these structures or cellular components have been segmented
in the previous stage of image processing. In addition to size and shape based
features, measurements such as intensity, optical density or hue can be used t
determine and quantify specific colourimetric or immunohistochemical stains

which highlight biochemical and structural changes in the cell and tissue. Features
such as texture, intensity and colour can also be extracted from a limited set of
pixels representing an object (such as a cell or nucleus) in which case they can also

be defined as object level features.

Features can also be extracted which attempt to represent or describe the global
image texture. These features capture repeating patterns of vation in image

intensity, capturing information about the spatial distribution of intensity levels.
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These statistical methods analyse the spatial distribution of grey values, by
computing local features at each point in the image, and deriving statistic®mm the

local feature distributions.

First order statistical features estimate properties (e.g., mean, median, standard
deviation) of pixels in the region of interest and can be calculated using the image
histogram. Firstorder statistics ignore the spatid interaction between image

pixels whereas seconedand higher-order statistics estimate properties of two or
more pixel values occurring at specific locations relative to each other. Second
order statistical features are calculated using a grelevel co-occurrence matrix
(GLCM). This form of statistical texture description specifies the grelgvel spatial
dependencies within a texture, and quantifies the distribution of cabccurring

grey-level values at various angles and distancd$iaralick et al, 1973).

For an image], the GLCMR;j, is defined by couning all pairs of pixels with grey
levelsi andj, which are separated by a distancé, in direction, d. The normalised
GLCMPN;j, is created by dividing each element iR by N, the total number of ce

occurrence pairs inP:

Equation2.17

p
s I &9k

The GLCM can be scaled to include different numbers of intensity levels by
increasingN. The offset caralso be changed, by altering andd. The spatial
statistics calculated from the GLCM can be used to compute various features which

capture textural information about the image.

Graph based spatial and architectural methods for extracting features include
Voronoi Tesselation(Toussaint, 1980 and Delauney Triangulation(S. Doyleet al,
2007). These type ofdatures are used to quantify the spatial arrangement of
specific features, usually cell nuclei in histopathology. In Voronoi Tesselation (VT),

a set of nodes is identified (e.g., centroids of nuclei) and the VT creates polygonal
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cells around the nodes suclthat all pixels within a given cell are closer to the cell
node than any other node in the image. The VT is often used in combination with
Delaunay Triangulation, which is a commonly used triangulation algorithm. From
the set of all possible triangles, &riangle is accepted if its circumcircle contains no

other nodes besides the triangle vertices.

The main feature types used in this research were object level features and texture
features. The object level features provide information about the featuresf

interest such as clefts and vacuoles, texture features give a more general measure
of tissue structure in the epidermis and at the DEJ. The reasons for these choices
are discussed in Chapter 3. The two feature types are described below in more

detail.

Object level features

Once histological objects such as clefts and vacuoles have been identified within
the skin explant images, morphological features can be extracted to describe them.
Many of these featurexan be applied to various regions of interesncluding the
epidermis, individual clefts and vacuolesThe specific features investigated in this

researchare listed below:

A Areaz The total number of pixels in the region of interest.

A Bounding box The smallest rectangle which can contain the regionf interest.
The bounding box of an object is plotted over the binary mask of an object as
illustrated in Figure 2.27.

A Eccentricityz The eccentricity of an ellipse with the same second moments as
the region of interest. It is calalated as the ratio of the distance between the
Al AE T £ OEA AT T EPOAR AT A OEA AITEDPOABSO
and is the locus of points such that the sum of the distance to each focus is
constant. Examples of the equivalent ellipseg@shown in Figure 2.28.

A Extentz This is theareadivided by the area of the bounding box

A Major Axis Lengtty The length (in pixels) of the major axis of the ellipse with
the same normalised second central moment as the regioff interest. Marked

with the blue arrow in Figure 2.28.
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A Minor Axis Lengtty The length (in pixels) of the minor axis of the ellipse with
the same normalised second central moment as the region of interest. Marked
with the green arrow in Figure 2.28.

A Perimeterz The distance around the outer boundary of the region of interest.

4

Figure2.27 An example of a bounding box (in red) for a specific object

Figure2.28 Examples of ellipses with the same second moment as specific objects in the image
(marked with red ellipse boundaries). The major and minor axis lengths of one of the ellipses
are shown by blue and greemraws respectively.

Statistical features describing the all examples of a particular shape within the
image may also be informative; for instance, the median area of a vacuole in an
image, or the mean interquartile range of vacuoles in a particular imagedbject
population statistics used in this research include count, mean, median, standard

deviation, interquartile range, range, skewness and kurtosis

Texture Features

For this research the following features were investigated:
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A Contrast Measure of intengty variance or contrast between the pixel pairs

andj over a whole imagen j is the element@®f the normalised symmetrical

GLCM. Contrast is zero for a constant image. Contrast is defined as:

QN Equation2.18
R

A Correlation: Measure of pint probability occurrence or correlation of pixel
pairs i andj over the whole image! is the GLCM mean, is the variance.
Correlation is 1 for a completely positively correlated image,1 for a perfectly
negatively correlated image and NaN for a catant image. Correlation is

defined as:

‘Q .dQ . 79;1 .

Equation2.19

R
A Energy The sum of squared elements in the GLCM, which is the angular second
moment and is ameasure of uniformity. The fewer grey level transition within

an image, the higher the energy will be; energy is 1 for a constant image. It can
be defined as:

n f Equation 2.20

h

A Homogeneity. Measure the closeness of the distribution of elements in the
GLCM to the GLCM diagonal, and is a measure of uniformity in the image.

Homogeneity can be defined as:

N h
K Equation2.21
P SR

These features can be calculated using tlygaycopropsfunction in MATLAB for
different directions and distances, and for different colour channels (e.g., R, G and
B). It is important to calculate features for a variety of directions and dtances to

capture texture and pattern for different orientations and at different scales.

76



Chapter Background and Theary
Machine Learning, Feature Selection and Classification Theory
The features extracted from the images were used to represent the images during

classification, which is described in the following section.

2.5.2 Classification

In this research, the technique of interest within machine learning is classification,
which is a method for assigning class labels or identifying to which of a set of
categories (orclasse¥a new observation belongs, based on a training set of
observations. The tassification process depends on the type of data used, for
instance data vectors, lists, text strings and images all provide different challenges.
Classification problems may be binary and require a simple yes/ no output, or

multiclass, in which case mulple categories are possible.

In image classification the numerical properties of various image features are
analysed and organised into categorie§.here are two main learning approaches
used in classification, supervised and unsupervised. In supervisethssification a

set of training observations (e.g., a set of features representing each image) are
accompanied by the correct output label (e.g., the grade of damage shown in the
image). This enables the classifier to determine rules or patterns and predithe
grade of a new image that has not previously been presented to the classifier. More
specifically, the training phase uses a data set of input§and targets,y, with each
observation consisting of an input vectorx; and a class labeli. The inpu vector, X;
can also be described asfaature vector The relationship between the feature
vectors and equivalent class labels is analysed and this information is used to build
a mathematical model which contains a unique description of the features relant

to each training class. In the testing phase the model is used to predict output label
of a new observation given the feature vector. The performance of the classifier in

the testing phase is known as thgeneralisationability of the classifier.

Unsupervised classification, often described as clustering, differs in that the

training images are not labelled with a particular output; instead the observations
are grouped or clustered into categories based on some underlying similarity or
pattern presentin the data. No information is provided on the number or type of
classes during the learning process, instead decisions on the number and nature of

categories are based purely on the input data. The important features of each class
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are extracted, and thignformation is used to enable the classification of a new
observation. Supervised and unsupervised approaches to classification are

compared inTable2.4.

Table2.4 Comparison of ungpervised and supervised approaches to classification tasks

Unsupervised Supervised
Number of classes unknown. Number of classes known.
Allocates patterns to naturally occurring Uses a training set of pattans toset up the

groups based on similarity/ cluster density. | internal parameters of model.

Number of classes and class structure mus{ Uses a model to estimate class
be learnt. membership for an unknown observation/

image.

Advantages

Fast and consistent for large data sets, as | Utilises domain knowledge, but may

there is no requirement for a separately introduce bias if class labelling is subject
determined label set. to bias.
No need to label observations. Can learn complex patterns

Disadvantages

Clusters may not correspond with desired | Selection and preparation of training data
groups if irrelevent features are included can be expensive and time consuming as
and may be difficult to interpret. This can training data must be represenattive of the

be mitigated using careful feature selection.| true distribution and labelled accuratly.

Examples

k-means, Mixture Models (e.g., Gaussian), | Support Vector Machines, Decision Tree,
Hierarchical Clustering, SeHOrganising Naive Bayes, Nearest Neighbours
Maps

A supervised approach was chosen for thiesearch due to the availability of labels
for the training set and the existing categories in place for grading the samples.
Supervised learning approaches often use probability as a basis. Probability is used
in different approaches, discriminative and gnerative, which build models in

different ways.
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Determining the posterior probability is a useful first step ashis knowledge
allows the image to be classified so as to minimise a particular loss function, for
example, the misclassification rateln the discriminative approach a parametric
model is used to calculate the posterior probabilities, inferring the values of the
parameters from a set of labelledraining data. Posterior probabilities are
estimated directly and there is no attempt to model unddying probability
distributions. In the generative approach the joint distribution of images and
labels is modelled. One way of doing this is to learn the class prior probabilities
and the classconditional densities separately using Bayesian classificaiin, a
generative supervised learning method. Based on a probabilistic model, the
method captures uncertainty by determining probabilities of each possible output.
The classification method is named after Thomas Bayes (174261), who
proposed Bayes TheorenfEquation 2.22). Bayes Theorem describes how the
probability of a hypothesis (Q being true is affected by new evidence and can be

written:

n &0 m Equation2.22
n o

where p(h) is the prior probability of h, p(D) is the prior probability of the training

data, D, p(h|D) is the probability of h, conditional onD and p(D|h) is the probability

of D, conditional onh.

One implementation of the Bayesian classificain is the naive Bayeslassifier
which was used in this research projectA full evaluation of classification
approaches used in the field and the rationale for the choice of the generative naive

Bayes classifier is given in Chapter 3, section 3.2.8.

2.5.3 NaiveBayes Classification

In the Naive Bayes Classifier, the most likely class is assigned to a given image
based on its feature vector. Learning in such classifiers can be simplified by
assuming that features are independent given class, meaning thalimension class

conditional density can be determined for each feature individually:
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0 O 0 OW Equation2.23

where 0 ® FE ho is a feature vector anctis a class.

The assumption of independence allows the method to estimate model parameters
using lesstraining data, so it is particularly useful where the number of features is
high and the number of observations is low. The independence assumption greatly

reduces the variance of thisnodel; however the bias can be large.

For the Naive Bayes classifiegach feature in each class is modelled using a
distribution which is used in the prediction phase to determine the posterior
probabilities of class membership. A Gaussian distribution can be used, in which
case a normal distribution is estimated for eachlass based on the mean and
standard deviation. Kernel density estimation (KDE) is a nonparametric technique
for estimating the probability density function, f(x), of a continuous variableX. KDE
was first described for use with Naive Bayes classifiers bghih and Langley(1995)
and the major benefit is that it does not assume normality for each class
distribution. The method estimates thef(x) of class distribution by averaging a
known density or weighting function (the kernel) over the observed data to create

a smoothed approximation.

2.5.4 Considerations in Statistical Classification

Prior Probabilities : In many classificaton problems there is not an equal
likelihood of a given observation belonging to each class. The performance of a
classification algorithm can sometimes be improved if information on the typical
proportions of known observations in each of the classes iaéluded in the
classification algorithm. This information can be incorporated using prior
probabilities which increase the likelihood of predicting classes with higher priors.
If the detection of a rare class is particularly important, it is advisable tower

represent the class in the training set.

Curse of Dimensionality : In most decision making activities, having more
information is considered to provide an advantage in arriving at the correct

conclusion. In a classification task, it would be expectetiat including more
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features in a classification model would result in a more accurate result. However
this is not the case when working with high dimensional data, due to an effect
OAZEZAOOAA O1 AR AERE IGAN AU d vE AE(M61) THeA OA OE
effect occus because observations become more sparsely spaced and dissimilar as
the number of dimensions is increased, making the statistical grouping of
observations difficult. The effect can be illustrated by considering a set of 10
training observations plotted across a 1 dimensional feature axis. Assuming the
total range of feature measurements covers 5 unit intervals, the sample density
would be 10/5=2. If a second feature is added, the same 10 observations cover a
feature space of 5 x 5=25 unit squares, givirgsample density of 10/25=0.4
samples per interval. For 5 features, the sample density would be 10/3125=0.0032
and this exponential decrease in sample density continues as more features are
added.

The sparsity of samples in high dimension feature space Ikes it easy for a

classifier toobtain a hyperplane which separates two groups of observations.
However, because the classifier has learned based on the appearance and position
of specific instances and exceptions in the training set, it may be modellingrdom
error or noise rather than the correct underlying relationship of features. This
issue is referred to as overfitting, and is a direct effect of the curse of
dimensionality. An overfitted model will perform poorly when presented with a

new observation that does not adhereo the same exceptions, and isasd to have
poor generalisation ability. In order to avoid overfitting, either the number of
dimensions must be kept low, or the training set must grow exponentially as
features are added to maintaircoverage of the feature space. Reducing the number

of dimensions using feature selection is discussatext.

2.5.5 Feature Selection

Feature selection involves selecting a subset of features (or variables) from the
whole set, to use in the training and applicatin of a classifier. It reduces the total
number of features and avoid overfitting, facilitates data understanding, reduces
measurement and storage requirements, and can reduce the time required for

model training and utilisation. The general objective iso remove redundant
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features (which provide no additional information to other features in the subset),
or irrelevant features (which provide no useful information). Two approaches to
feature selection which differ with respect to their treatment of redundant and

irrelevant features are filter and wrapper methods.

Filter methods rank features using an evaluation criterion based on correlation
coefficients or by other statistical tests such astiests or Chisquared, to assess the
relationship between individual features and the response or output of interest.
Kohavi and John (1997) proposed an alternative methodology for feature selection
with the objective of identifying the set of features most useful for building a
classifier, rather than those most releant to the output. Referred to as the

wrapper methodology, this approach assesses subsets of features based on their

ability to maximise the predictive performance of a classifier.

Feature selection methods commonly used to identify subsets in the wrapper
methodology include the sequential search methods, sequential forward selection
(SFS) and sequential backward selection (SB@WVhitney, 1971). SFS starts with a
single feature that is eiher chosen at random or selected as the most relevant to
the classification task using a filter method. Features are then added sequentially,
based on whether their addition improves classification performance. SBS starts
with all features included and they are removed successively until any further
removal results in a decrease in classifier performance. Floating search methods,
including sequential floating forward search (SFFS) and sequential floating
backward search (SFBS) have been proposed, whichoall previously
selected/discarded features to be reevaluated at a later stag€Pudil et al., 1994).
BothseqA T OEAIT | AOET AO AT A OEAEO &I 1 AOQET ¢

effect, where suboptimal subsets are possible due to the fact that previously

selected features cannot be discarded and discarded features cannot be reselected.

Two highly correlated variables might be included if it gives the best performance

in the SFS evaluation.

2.5.6 Dimensionality Reductiolg an Alternative Approach to Feature Selection

An alternative method for dealing with high dimensional data is to carry out

dimensionality reduction. Feature extraction is one approach to dimensionality
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reduction used in image analysis already discussed in secti@b.1, whereby a
dimensional vector of feature measurements is extracted from the original-3
dimensional matrix of the RGB image. The techniques more commonly implied by
the term dimensionality reduction are typically based on data projection
techniques. The main linear technique for dimensionality reduction is Principal
Component Analysis which remaps the datonto a lower dimensional space in a
way that maximises the variability in the lowest dimensionKohavi, 1995. In each
subsequent dimension less of variability is explained. The principal compents
can be used as an alternative to the untransformed features to capture more

information in fewer features.

2.5.7 Classifier Evaluation

Classification can be evaluated in a number of ways, including accuracy, speed,
robustness to noise, computational resorce requirements, scalability,

interpretability, ability to fully use the information content of the data, uniform
applicability, and objectiveness. In reality, no classification algorithm can satisfy all
these requirements nor be applicable to all studiesdue to the complexity of
histological classification. Classification accuracy assessment is, however, the most
common approach for an evaluation of classification performance, which is

described next.

-

A Accuracy: measures the probability of a correct clagBcation. At pixel level
(for segmentation) it refers to Ncp/ Np, where Ngp is the number of correctly
classified pixels and\; is the total number of pixels. For whole image
classification it refers toNi/ Ni, where N is the number of correctly classifed
images andNi is the total number of images.

A Misclassification Rate : measures the probability of an incorrect classification,
Ni / N, whereNi is the number of incorrect cases (pixels or images), andis the
number of cases.

A Sensitivity : measures the pobability that a known positive case will be

classified correctly. This may be quoted as a probability or rate, or as a

percentage.Nip/( Nip+Nn) where Ny is the number of true positives and\i, is

the number of false negatives.
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A Specificity : measures theprobability that a known negative case will be
classified correctly. This may be quoted as a probability or rate, or as a
percentage. M/(N tn+Np) where N is the number of true negatives and iis
the number of false positives.

A Robustness measures theability of the classifier to perform effectively while
its variables or assumptions are altered, operating without failure under a
variety of conditions. For instance, can the system grade a mild positive
reaction accurately using feature measurements ithe presence of non
relevant variability in the input images such as staining differences?

A Repeatability means that given the same inputs, the same result will
consistently occur. For instance, will the system give the same grade given the
same input imageeach time?

A Reproducibility is a measurement of consistency between systems. For
example, when run on different computers by different users, does the system
give the same output? Will images acquired from different acquisition systems

be graded the samePlow much variation does any user interaction introduce?

A commonly used method to evaluate the performance of a classifier is to estimate
the misclassification rate for new unseen images using cross validation. This
measurement is informative because it ealuates the generalisation ability of the
model. One form of cross validation method ik-fold cross validation. In this
method, a dataset of siz&\ s first divided randomly into k mutually exclusive
subsets. Each subset in turn is used as the test $et the classification model
which has been trained using a training set made up the remainirgl subsets.
Once the model training and testing has been repeatédimes, the average
number of incorrectly and correctly classified observations acrosk tests is
calculated. The size ok can vary from 2 toN, with the case ok=N known as
leaveoutor leave-one-out cross validation.Ask is increased, the bias of the error
estimate is reduced and the variance increaselsigher k values result in large
training sets and small test sets and because larger training sets tend to result in
similar performance on multiple iterations, higherk can lead to overfitting. It has
been demonstrated that leaveout cross validation is a high variance estimator of

generalisation error and gives overly optimistic results, the method often overfits
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through the inclusion of too many features in the model, resulting in poor

prediction performance for new data(Hastieet al, 2011).

Monte-Carlo crossvalidation can also be used as an alternative tofold cross
validation (Lu and Mandal, 2012. In this mehod the data is split randomly into
training and test sets and observations can be included in multiple test or training
sets, unlikek-fold cross-validation where the k subsets are mutually exclusive and
no repeats are permitted. Whilek-fold cross-validation will give a very low bias,

the estimation can have a high variance if the test set is small. For examgléfold
cross-validation for a sample of 100 observations will test prediction on 10
observations at a time. Monte Carlo crosgalidation tendsto result in low variance
models as many more possible partitions of the dataset can be explored due to the
fact that the subsets do not need to be mutually exclusive. However a consequence
of this is that some observations may be used more than others rding in a

higher bias. One approach to balance bias and variance is to repkdbld several

times, which retains low bias but reduceshe variance of the estimate.

This chapter has introduced the theory and background of the biological and
computational aspects of the research. Some of the key aspects will be considered
in more detail in the next chapter, and the relevant published literature evaluated
with a view to justify some of the research decisions made and qualify the need for

this research.
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Chapter 3 Literature Review

This chapter provides a review of relevant literature, providing evidence of the
need for an alternative to manual grading systems in histopathology both generally
and in the case of the skin explant assay used by Alcyomics. A review @& th
competing technologies for toxicity, allergenicity and immunogenicity is also
provided. Literature relating to the main aspects and challenges of the research is
given next, specifically relating to colour normalisation, segmentation, feature
extraction, classification and ground truth. Finally, literature on the application of

image analysis to analysis of human skin is reviewed

3.1 Grading Variability in Manual Histopathology

Manual grading methods used in histopathology are time and labotntensive, and
the lack of quantitative characterisation can lead to issues relating to subjectivity
and inter and intra-observer variability. Many grading scales used in
histopathology are qualitative or semiquantitative (Pilette et al, 1998, Taylor and
Levenson, 200§. A qualitative histological grading system uses information such
as the presence/ absence, severity, sliribution and morphology of particular
histological features to determine the final grade. More advanced semi
guantitative systems, such as the Nottingham Grading System used for breast
cancer staging and grading, combine quantitative information such amsitotic

AT 61 6 AT A OAOA xEOE NOAI EOAOGEOA ET & Oi AOI
b1 AT 1 T O@®.BAE Bidtod and Ellis, 2002 A key barrier to objectivity for many
current grading scales stems from the attempt to use a qualitative system to
measure continuous variables; boundaries are not set clearly and insteaddinal

variable language (low, medium, high) is used to guide decisions.

High signal to noise ratio, low inter and intraobserver variability and the placing
of category boundaries to separate natural cluster of cases are all important
considerations when designing grading systemgMorris, 1994). In both clinical
and research situations it is important to consider the purpose of grading and
decide whether multiple subdivisions provide useful nformation. When Morris
(1994) discussed the theory of information transmission when applied to

histopathology grading systems, he showed that reducing the number of categories
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improved inter-observer agreement but reduced the amount of information
transmitted. His suggestions of 100 point scales and quotation of confidence limits

could provide a more rigorous but useful system in histopathology.

The qualitative visual assessment at thedart of histopathology is inherently
subjective, resulting in a high degree of variation in analysis be®endifferent
histopathologists. The interobserver disagreement in manual histopathology
diagnoseshas beenreported in numerous published studies sane of which are

described below.

In a review of 500 neuropathology diagnoses of brain or spinal cord biopsies,
Bruner et al (1997) reported some degree of disagreement in 42.8% of cases, with
8.8% classified as serious disagreemente/hich were defined ashaving immediate
significance for therapy or intervention. Reviewing interobserver variation in

pathological diagnosis of brain tumourpatients, van de Ben{2010) stated that

A £ A s oA oz s

Oi 1 OA T AEAAOGEOAR NOAtikiGk Ogetihl AAAADAD 06 Al

Putten also stated that poor performance in grading of noadvanced and
advanced adenomas in colorectal cancer diagnosis suggested that more objective
criteria were required (2011) A comparison ofessential thrombocythemia in bone
marrow biopsies in 370 patients by 3 experienced haematopathologists using
World Health Organization classification criteria showed substantial inter
observer variability both for overall diagnosis and certain cellular chracteristics
(Wilkins et al,, 2008). Elsewhere there have been reports of poor agreement in
diagnosisof melanomas and melanocytic neiHastrup et al, 1994, Farmer et al.,
1996), analysis of cervical bipsy specimens(Robertsonet al, 1989, de Vetet al,
1990), scoring of chronic hepatitis in liver biopsy(Rousseletet al, 2005) and
grading of dysplasia in ulcerative colitifEaden et al, 2001). Even a relatively
simple task of classifying cell nuclei in renal cell carcinoma highlighted inter
observer variability; when classifying 180 nuclei, five experts agreed on 24 normal
and 81 atypical nuclei, but there was minter-observer classification error of 18
30% for the other 75 nuclei(Fuchs and Buhmann, 201l Improvementsin inter -
observer agreement have been obtained by adding quantitative measures to

previously qualitative grading systems. For example, the Nottingham modification
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of the ScarffBloom-Richardson grading for breast carcinoma that added
guantitative measuresreported inter-observer agreement of 7690% (C.W. Elston
and Ellis, 1991 Frierson et al,, 1995, Dalton et al., 2000).

While subjective language and qualitative grading criteria are responsible for some
of the grading variability, fatigue, training level and sampling may be important
factors. Manual gradings time consuming and the drive for more consistent

grading through the collection of more detailed quantitative data is likely to

increase analysis time unless automated processes are adopted. Fatigue and lapses
in concentration can become significant whe carrying out repetitive tasks and
periods of intense concentration may result in changes of visual perception that
OAAOGAA OEA AEAT AA T £ AAOAAOGET ¢ O1 OOOAI
Al ET AT AOOS AUL998hAE AT A 210 AE

Tissue sections used in histopathology can be large (cm rather than mm in
dimension) and high magnificaions are often required to assess specific

histological features at the microscope. The size of the sections means that a full
assessment of the whole tissue sample at high magnification is often not practical,
therefore sampling is often used to increaséhroughput. Unfortunately sampling of
such large images may miss isolated or focal areas of change, increasing the chance

or false negative results.

The requirement of an experienced histopathologist may exacerbate the issues
mentioned above by increasingvorkload on key staff. The level of experience of
the histopathologist is known to be an important factor in grading and was found
to be the most important factor affecting scoring variability in a study investigating

chronic viral hepatitis grading (Rousseletet al.,, 2005).

The prevalence of variability in manual histopathology supports the development
of new automated methods. Based on a review of the litex&re, new methods
should increase quantitative measurement, reduce the workload of experienced

histopathologists and incorporate automation in order to succeed.
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3.1.1 Skin Explant Assay
In the case of both the Lerner scale and the modified Lerner scale usedhie t
Skimune assay, the differentiation between grade | and grade Il reactions is
particularly challenging. The distinction is made by considering the presence of
dyskeratotic bodies and the severity of vacuolisation in grade 1l when compared to
grade |. Unbrtunately dyskeratotic bodies are not always present in grade Il
samples, consequently sometimes the degree of vacuolisation alone must be used
for grading. The difficulty of grade | and Il differentiation is supported by the
findings of Massiet al (1999) who found that while inter-observer agreement was
almost perfect for grade lll reactions, grades 0, | and Il showed lower levels of
agreement.Massiet al suggested this situation could be improved by the inclusion
of anadditional manual estimation ofinflammatory infiltrate as an additional
criterion for grade Il damage.The appearance of mononuclear cell infiltraténto
the tissuewas also proposed as a bettandicator of early GVHD than the presence
of dyskeratotic bodies by Hornet al (1994)h x ET DB Ol BT OAA [ 1 AEAUE
criteria to include dermal lymphocytic infiltrate at Grade Il.In the in vitro skin

explant assay there is nanflammatory infiltrate so this approach cannot be used.

The inter-observer variability for the original skin explant assay was assessed
using three transplant centres across EuropéSvilandet al, 2001), with 503 slides
graded by each of the centreghen reviewed and graded blindly by an experieced
independent pathologist. Of the 503 slides, there was disagreement in 8% of cases
across the four centres, with 14.5% disagreement found for samples with grades
II- IV damage,compared to the 2.2% disagreement for samples with grades|O
damage. Most of the differences werfor cases at the boundary between grade |

and Il, which is the borderline between a normal and positive result.

The boundary between grade Il and IV changes can also be open to interpretation
in cases of very severe cleft formation. For instance, soroperators would only
classify a sample as grade |V if there is complete separation of the epidermis and
dermis, while others may also grade a sample with a very small proportion &f£J
intact as a grade IVDespite the challenges described, the simplifiecriteria used in

the Skimune assay have been shown to retain good prediction of GVHD in bone
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marrow transplant patients (Svilandet al., 1990) and so have beemetained for use

by Alcyomics in their commercial assay.

3.1.2 Alternative Methods to test for Toxicity, Allergenicity and Immunogenicity
In the commercial environment into which Alcyomics are launching the Skimune
assay, there are a number of alternative testand assays available. The Skimune
assay can be used as an alternative for animal tests, which are established and
accepted methods for measuring safety, toxicity and allergenicity in the
pharmaceutical, chemical and cosmetics industriesn vivo experimental animal
models have traditionally been used to provide information about the safety and
toxicity of a range of products, including pharmaceuticals, industrial and
household chemicals, cosmetics and agrochemicals. Testing of acute systemic
toxicity to estimate the acute lethal does (LD50) or concentration (LC50) and tests
of skin and eye irritation account for many of the tests carried out on mammals. A
combination of public opinion, new regulations, cost and logistics are making these
industries look to alternative methods. For instance, the unprecedented numbers
of new chemicals being introduced every year which REACH regulations now
require to be tested make the sole use of animal tests logistically impossible, as

well as extremely time and cost intenwe (Frazier, 1992).

There are a number of 3R methods ailable, all of which aim to reduce, refine and
replace the use of animal tests including: the use of human volunteers; artificial
skin tests; molecular and cell culture methods; anth silicamethods such as
Quantitative Structure Activity Relationships.There are a number of companies
offering in vitro skin models, which grow human skin cells into a liféike structure.
Some models are long established, such as Epiderm (MatTek Corporation, US)
which has been available for >15 years. Several of the modaBve already been
though European validation, including EpiSkifM (SkinEthic Laboratories, France),
which the European Centre for the Validation of Alternative Methods (ECVAM)
SAEAT OEEZEA | AGEOT OU #1111 EOOAA OAAT I 1 AT AA,
2007). There are also models which usex vivomouse skin, but theex vivohuman

skin model from Alcyomics is unique becausi mimics the autologous immune
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system, matching immune cells and skin from specific individuals to give an

accurate representation of the human immune response.

In the pharmaceutical market, immunogenicity assessment of biotherapeutics has
received signifcant attention in recent years, with a number of industry white
papers being published(Lu and Mandal, 2014 Xu andMandal, 2015 alongside
EMEA and FDA guidance on the clinical assessment of antidrug antibodies and the
need for an immunogenicity screening framework. Immunogenicity in many cases
leads to the loss of efficacy of a drug, but can also lead to the protioe of severe
adverse side effects. New and improved methods to assess immunogenicity of
potential drug candidates are therefore in demand by drug developers to help

them reduce risk during drug development.

3.2 Digital Histopathology

As increasing numbers ohigh resolution, high quality images are produced in
pathology labs utilising the latest slide scanning technology, the analysis of these
images becomes the bottleneck in the process. It is for this reason that there is
currently intense focus in industry, academia and clinical environments on the

development of useful and accurate image analysis algorithms.

3.2.1 Challenges of applying Computer Analysis in to Histopathology

Application of computer analysis to any biological sample is challenging due to the
high degree of biological variability, complexity and problems of sampling bias
(Paizset al, 2009). In histopathology, additional chdenges are presented by the
high data density of histopathology images, the complexity of the tissue structures,
and the inconsistencies in tissue preparatioffGurcanet al, 2009). McCanret al
(2014) describe the three main sources of variability in a histologypased

diagnosis as:

A Biological variability, which encompasses the differences between people and
also the variability of pathological process ocurring in the tissue, meaning that
slides of the same tissue from different people will look different.

A Inter-observer variability, which describes the impact of subjectivity and

human judgement on histopathology analysis
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A Technical variability, which iscaused by differences in how the slide is

prepared.

Biological variability can lead to significant variation within a single cell type,
compounded by variation in the formation of tissue and the number, placement
and morphology of tissue structures suctas glands. This structural variation is
often exacerbated by technical variability such as inconsistent sample preparation
and staining procedure, differences in stain colour or reactivity between batches
and the effect of section thickness on light tramaission (Mageeet al., 2009). There
are a broad range of histological patterns and features seen in different diseases
and organs, with significant overlap in features both between different diseases
and between different grades of the same disease. In addition to thengeal
technical challenges, Levenso(2004) reported limited enthusiasm among
pathologists for a switch from subjective to more quantitative scoring schensedue
to difficulties of multi -centre implementation and a lack of recognised image

analysis standards.

When replacing a manual process with a digital one, it is worth considering the
strengths and weaknesses of the original system. The human visual pertiep
system is particularly skilled and well adapted to interpreting visual scenes and
this provides advantages when evaluating tissue sections. Human perception has
the advantage of being reasonably resistant to image noise and contrast and
invariant to changes in position, scale and orientatioffGonzalez and Woods,
2008). In histopathology, this means that humans can easily switch from low to
high magnification, search for features of interest, and ignore artefacts and noise.
The object oriented nature of our visual perception system is also well suited to
identifying histological features such as cells, regions of tissue and structures such
as glands. The analysis of cellular shape, size and organisation in histology uses
pattern recognition, a process fundamental to human cognition which has been
perfected over yars of evolution. However, while certain facets of human
perception bring significant advantages to histopathological analysis, the

weaknesses associated with manual grading such as inter and intogerator
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variability, subjectivity, bias and fatigue thathave already been discussed in detail
AOA Al 01 OAI AOGAA o1 OEA OEOI AT ZEAAOT 068

Replacing a manual process carried out by a human with an automated computer
system provides significant challenges. It is challenging to try and replicate any
human process oimage understanding, interpretation and decisioamaking, as it
can be difficult for the expert to explain exactly how certain decisions are made. In
manual histopathology there are often significant levels of implicit knowledge
required to make accurate deisions which are gained through experience and not
always included in the traditional written grading criteria. One solution is to work
more deeply with the experts to try and ascertain as much of this implicit
knowledge as possible, and then codify thisnowledge in the image analysis
algorithm. Alternatively, researchers are increasingly extracting huge numbers of
features in the hope that both explicit and implicit knowledge will be captured

somewhere within the dataset(Bins and Draper, 200}

Although the objective of both the human and computer process is the perception,
understanding and interpretation of image irformation, the way in which this is
achieved is fundamentally different. In contrast to the objeebriented world view
that the human visual perception system uses, computer vision tends to represent
images of the world at a pixel level. Although this appach is increasingly used
(Bishop, 2010, and can be very successful, it can be difficult to separate the
variation of interest to the other background variation already dscussed.
Computers are more suited than the human visual system for quantitative
functions such as counting or area estimation, creating the potential for
improvements in quantitation, throughput, objectivity, repeatability and
reproducibility. Rather than examining a small percentage of the total cells as in
manual histopathology, it is possible for a computer to analyse every pixel in every
cell of the whole slide. Once algorithms and software programs are set up,
computer-aided analysis has the potentialo be much faster than manual analysis,
although this is dependent on image file size, computer processing speed, and
algorithm complexity. In this thesis, the research presented aims to mimic and

capture human expertise and domain knowledge, but utilisthe key strengths of
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computational methods, i.e. quantitative measurement, objectivity, speed and

reproducibility of analysis.

Although extremely common, claims that computegided image analysis is a
completely objective solution have been disputed, witlthe argument that human
devised and implemented algorithms are subject to human bias and judgement.
Tadrous (2010) argued that image analysis methods simply implement the
subjective decisions taken by the programmer throughout algorithm design in an
objective manner, and the real benefits of thenethods were speed, indefatigability
and standardisation. In this research, the influence of domain knowledge and the
bias that this may bring is not disputed, one of the main hypotheses of this
research is that incorporating such knowledge into the earlgtages of the image
processing and feature extraction will enable variation relevant to skin damage to

be distinguished from nonrelevant image variation.

In light of the challenges of histopathology, a number of commentators have
suggested that image angsis tools in histopathology are not at present able to
compete with the breadth and depth of expertise of a pathologist and their role
should be to complement the role of the pathologist or histopathologist rather than
to replace(Madabhushi, 2@9). At the very least, a close relationship with the
histopathologist is required to obtain feedback, and aid interpretation of results
(Gurcanet al, 2009).

3.2.2 Colour Normalisation in Digital Histopathology

In histology, coloured chemical stains which bind specifically to proteins are used
to aid identification of different tissue types. The final colour is affected by the
guantity/ density of protein molecules in the stain, variability of the chemical stain
colour or reactivity, variability of the staining procedure, tissue thickness (light
transmission is a function of tissue thickness) and lighting during image capture
and digtisation (Mageeet al, 2009). These differences, often referred to as batch
effects, do not create insurmountable issues in manual analysis because in the
human vision system colours can be perceived and identified easily under varying
illumination conditions. However these batch effects can create bias in the

performance of automated classification methods and so approaches are required
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to normalise the colour distribution in an image and facilitate subsequent

processing steps.

Much work in histopathology bypasses théssue of colour by converting to grey
scale, and while this can be successful in cases where there are clear intensity
differences between features and notieatures, there is a significant amount of
information lost concerning which stains are present andn what proportions. It is
often necessary to compensate for differences in staining intensity by normalising
the image intensities. One method to allow for staining inconsistencies is
presented by Paizst al for the quantification of inflammation in murine spinal

cord (Paizset al, 2009). An internal reference area unaffected by experimental
treatment or disease condition was used tgpecify a staining baseline. However
this technique requires operator input to identify areas of interest and so is not an
ideal solution due to the impact on throughput, the requirement for operator
intervention and the potential introduction of subjectivity. Reinhard et al (2001)
described a method for colour normalisation whith maps the pixels in an input
image to the colour distribution of a target image by equalising the mean and
standard deviation for each dimension of & coourOPAAA8 2AET EAOAB8 O
been applied to H&E stained histology images by Warg al (2007b), and Mageest
al (2009) used the method as a benchmarto test their novel colour normalisation
methods against. This approach is simple and can be applied to multiple images,
however it assumes that all areas of the image can be normalised with the same
transform. In reality, the inter-image variation for different image regions (e.g.
background, different tissue types), results from differing sources. The approach
works well when a single stain (e.g. Eosin) dominates the image, however because
the approach uses a single linear transform for all pixels it wdd result in the

incorrect mapping of many typical histology images.

When multiple stains are used in the same slide, overlapping absorption spectra
can create difficulties in identifying and quantifying features. This is particularly
important in immunohi stochemistry (IHC) where different stains are used to
locate and quantify particularsubstanceshowever it is also important in H&E

stained slides to identify structures. Narrow band filters have been used during
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image acquisition to separate the staingZhouet al, 1996), however overlapping
spectrums are still a problem with thismethod. Methods based on colowpace
transforms have been described, for exampledhr et al (1999) applied
Photoshop® tools to tissue images utilising their huesaturation-luminance (HSL)
characteristics andother useda stain-specific transform (Ruifrok, 1997). A further
development by Ruifrok, allowing the determination of the relative contribution of
eachstaintoapixdd O AT 11 60 EO A T AOGET A ETTx1T AO A
method uses the specific optical density (OD) for each of the RGB channels rather
than the intensity to describe each stainEach pure stain can be characterised by a
specific OD for the light in eah of the three RGB channels, which means it can be
represented by a 3 x 1 OD vector describing the stain in the @bnverted RGB

colourspace

3.2.3 Segmentation

Segmentation is a critical first step in many image analysis applications since by
locating regionsof interest early in the analysis subsequent steps can become
more accurate and computationally efficient. A full review of segmentation
approaches is beyond the scope of this thesis and thorough reviews have been
published including one by Segzin and S&ar (2004). A briefdiscussion of the
limitations of traditional segmentation techniques in histopathology follows, but a
comprehensive discussion of segmentation approaches being used in histology for
global scene segmentation and local structure, cell and nuclear segmeimatcan

be found in the review paper by Gurcaet al (2009).

Traditionally, segmentation approaches can be sublivided into contour or edge

detection basel methods and region or histogram based approaches. A widely

used contour based approach for the segmentation of biomedical images is active
contours (or snake$ which were first described by Kasst alas energyminimising

AAAEI O AAT A OP1 Eeindl nstahGidckstaAd imllugéncdddy image
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active contours can only be semautomated; an initial curve must be defined by

the user and this initialisation step influences processing time and result quality

(Angenentet al, 2006). The inherent structural complexity of histopathology
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images and the frequent presence of overlapping objects make the application of
contour based approachesn histopathology problematic. The skin images used in
this research contain a number significant discontinuities that are likely to be
identified by edge detection algorithms, including the loose, linear surface layers of
the epidermis (the stratum corneun), the fibrous structures of connective tissue in
the dermis tissue, the basement membrane at the junction of the epidermis and
dermis, cleft boundaries at theDEJand cell membrane boundaries. The large
10 AAO 1T £ b1 OAT GEAT OAds€dk éife oEcbntorbakedE | A CA
approaches to find the boundary of the epidermis tissue difficult and prone to
error. Regionbased methods create sets using pixel or neighbourhood properties
such as colour, intensity, location or texture. Location cannot hesed for the skin
images used in this research, as the orientation and structure of the images varies
significantly. Colour, intensity and texture are more applicable as the different
tissue types (epidermis and dermis) stain differently and have different

morphology (and therefore texture).

Thresholding is the simplest of the regiorbased methods. It involves selecting an
intensity threshold to create a binary image with the two image states

representing foreground and background. While the threshold cabe selected
manually, automating the process is quicker and more objective. The aim in this
research is to threshold the epidermis as foreground, leaving the dermis tissue as
background. To achieve this, a threshold must be chosen to separate the epidermis
and dermis pixel sets. The relative proportion of epidermis varies between images
and so algorithms based on the percentage of foreground pixels are not useful.
Simpler methods for choosing the threshold automatically including the

2.4.12, which finds two local maxima and sets the threshold half way between
them. This method does not workwvell when the grey level histogram has very
unequal peaks, which can be the case for the images used in this reseafdtte

OET OAOI AAT fréoséd bgRidieEaddEdalvard1978) and Trussell(1979)
and described in Section 2.4.1Reratively adjusts the threshold so it lies halfway
between the means of the background and foreground pixels sets. This algorithm

tends to find a threshotl which splits the pixels into two sets of approximately
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equal number, and this would not be appropriate for the skin images used in this

research, which have varying proportions of dermis and epidermis tissue.

One of the most popular approaches for autoatic threshold selection, proposed

by Otsu(1979), chooses a threshold to minimise intraclass variance in the

foreground and background pixel sets. This approach of minimising vamae

within each set has potential as there is usually an intensity difference in the pixels

in the dermis and epidermis. However, the variation within the epidermis and

dermis pixel sets (the interclass variance) due to the biological and technical

variability described in section3.2.1causes problems when using allhresholding

OAAET ENOAOGRh ET Al OAET ¢ / OO0O60 i AOET Ah xEE,

little variation within a set of images(Gurcanet al,, 2009).

The use of hybrid segmentation methods is becoming more common as
researchers find that a single technique is unable to segment altsttures
adequately; multi-resolution approaches, feature based classifiers and pest
processing steps are all popular additions to the traditional segmentation
approaches For instance, the addition of binary morphology to adaptive
thresholding resulted in correct segmentation of 89% of three nuclei types used in
cancer grading, albeit with a limited sample size of 24S. Petushet al, 2004).
Fuzzy emeansclustering and active contours were combined to segment prostate
cancer tissue with an accuracy of 84%Hafianeet al, 2008). A Bayesian classifier
used to inform level set and tempmte matching algorithms identifiednuclear and
glandular structures in prostate and breast cancer with comparable accuracy to
manual segmentatior{Naik et al,, 2008). A modification to the EM algorithm, using
Linear Discriminant Analysis in neuroblastic tumair segmentation, was deemed a
success based on a faster convergence rate thammeans clustering, despite

similar accuracy(Jun Konget al, 2007).

3.2.4 Segmentation of Morphological Structures

Automated detection of tissue structures is of particular interest in histopathology.
Traditionally quantitative analysis of morphological structures, or morphometry,
has involved superimposing grids over the sample to aid counting, however these

methods are susceptible to human counting errors. Automated detection of
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nuclear and glandular structures has been achieved by combining information
from multiple scales; low level pixel information in a Bayesian classifier and high
level extracted with level set and template matching algorithmgNaik et al,, 2008).
Segmentation of nuclei or cells is a very common first step in the image analysis of
biological tissue. One fully automated method proposed by di Cataléso al (2009)
used the morphological and chromatic characteristics of tissue to segment nuclei.
AEA TAOETATITT CU EIT AT ObI (Acd)Adourdiéanveiior AT A
algorithm to separate an RGB image into two monochromatic images for the H and
DAB stains prior to local adaptive thresholding and classification, resulting in a
higher segmentation accurag than either edge or region based snakes. Local
adaptive thresholding was identified as the key factor in the success of the
morphological approach; this approach has the ability to cope with
inhomogeneous staining and illumination by taking into accounthe specific

neighbourhood of the relevant pixels.

3.2.5 Segmentation of Tissue

While there have been a number of methods proposed for nuclear and individual
cell segmentation in H&E stained tissues and segmentation of structures such as
glands, there are fewwhich attempt to segment particular tissue types as a whole,
a useful first step in identifying disease features if these features are known to
occur within a particular tissue. The wide variety of tissues and their complexity of
appearance make this a dilenging problem. Cheret al (2011) segmented bone,
cartilage, and fat tissue in teratoma tumar images using local pixel intensitiesas
features with accuracies of 59.7%, 73.18%, 91.09% respectively which shows the

difficulty of creating a generalised solution applicable to multiple tissues.

The following papers are those most closely related to segmentation of epidermal

tissue in H&E stained samples.

Lu and Mandal(2012) used a multiresolution approach to segment the epidermis
in images of skin.The approach useglobal thresholding and shape analysis on a
monochromatic image to get a coarse segmentation, before generating high
resolution image tiles for further manual or automated analysis. Results on 16

whole slide skin images resultd in a 92% sensitivity rate, 93% precision and 97%
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specificity rate. The average processing timm segment the epidermis area for an
image with 2800 by 3200 pixels wa ~ 2.38 seconds, which is 3,764,705 pixels per

second.

Mokhtari et al. (2014) proposed an epidermal segmentation procedure as part of a
system for measuring melanoma depth of inv&on in microscopic images. Usig
morphological closing and global thresholdingit assumesthat the morphological
closing operation will remove components such as cell nuclei from the dermis area.
While it is of relevance to this research, there is no quantitative measure of

performance by which to compare it with other techniques.

A relatively simple approach consisting of shading correction, a low pass filter and
a threshold finding algorithm based on the greytevel histogram wasalso proposed
to segment the epidermig(Smolle and HofmanrAWellenhof, 1998, however no
guantitative data was given relating to how accurate the segmentation is arttie
authors stated that this type of approach wa dependent on good quality staining

of the sample.

Wanget al (2007a) described an approach for the segmentation of squamous
epithelium from cervical virtual slides using a multiresolution approach. They
used Hock based texture features in a support vector machine algorithm to create
a rough segmentation at x2 magnification, then finreuned at x40 magnification.
They reported excellent accuracies of 94.9 96.3%, however performance
statistics were only reported for two of the 20 test images, in addition, sensitivity
and specificity were not quoted and it is noted inlie paper that the approach
tended to misclassify red blood cells and columnar epithelium cells. The algorithm
was reported to take 21 minutes to sgment one image on a 120000 x 80000 pixel
image on a on a Pentium 4 3.4GHz processor with 2GB RAM, which can be scaled to
approximately 7,619,048 pixels per second. This speed raises questions over the
suitability of the approach in its current form in ary application with large images

requiring high throughput.

Datar et al (2008) segmented prostate tssue microarrays into their constituent

tissue types, using Hierarchical SelDrganizing Maps to classify pixels based on
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colour and texture features, followed by unsupervised colour merging. While the
segmented images appear to show good performance agsira benchmark
method, it is not possible to quantitatively compare the results with other methods
as no accuracy metrics are quoted and no indication of computational efficiency or

segmentation time is given.

Eramianet al (2011) presented a graphcut method to segment epithelium in
haematoxylin & eosin (H&E) stained samples of odontogenic cysts. They also
included a luminance and chrominance standardisation procedure to reduce the
variation resulting from sample preparation. For aset of 35 test images they
reported mean sensitivity and specificities of 91.5+14% and 85.1+19%
respectively, and a mean segmentation accuracy of 85+16%. The average run time
of their method was 7.2s per image, which can be scaled to 189,583 psxper

seond.

This area of research is relatively new with few groups working on the
segmentation of epidermal tissueThe five paperspresented provide the most

useful benchmark by which to assess the success of the segmentation procedures
developed in this reseach. A full comparison is included in Chapter 5 when

discussing the results of the epidermal segmentation algorithm.

3.2.6 Feature Extraction

Feature extraction and selection are essential components of many image
processing and analysis applications, includingnage retrieval (Antani et al.,

2002), registration and matching(Zitova and Flusser, 2003and pattern

recognition (Gonzalez and Woods, 2008 Features used in the majority of
histopathology classification systems presented in the literature tend to be
inspired in some way by visual patterns or attributes used by clinicians for disease
diagnosis in traditional histopathology. Often the features will relate to particular
objects of importance such as cell nuclei, glands, or particular tissue types. An
extensive review by Gurcaret al (2009) categorises the features used in
histopathology into object level andgraph based features. The object level features
are split into four categories: size and shape; radiometric and densitometric;

texture; and chromatin-specific. The graph based spatial features named include
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Voronoi Tesselation, Delauney Triangulation and zariety of neighbourhood based
graphs. One problem with this categorisation is the grouping of very different
AFAAOOOA OUPAO O1T AAO OEA 1 AAAT 1T &£ O1 AEAAOD
except that they can be applied to sets of pixels. The splitgrout of chromatin
based features is understandable as they are so commonly used, however the
majority of the features named (e.g. area, optical density, number of regions) could
be applied to any object and so are not strictly chromatuspecific. An altenative
categorisation is proposed here which groups features in the following way:
morphometric features (e.g. size, shape); intensity/ colour features (e.g. hue,
intensity, saturation, optical density); texture (e.g. cabccurrence matrix, energy,
fractal and wavelet), and graph based spatial features (e.g. nodember,
clustering co-efficient, spectral radius). Some of the published work using these

types of features in histological image analysis is summarised irable 3.1.

Morphometric and colour based features are popular with histopathologists (and
those designing automated programs for histopathologists) as they are easier to
interpret than some of the other types of features such as texture and they were
someof the earliest features to be used in this field. The ease of interpretation of
morphometric features can be attributed to the fact that human visual perception
is object based. However because computer vision tends to be largely pixel based it
can be ch#lenging to try and replicate human visual analysis such as
histopathology classification using a computer systenAs is clear from the
selection inTable 3.1, texture based features have been widelysed by compuer
scientists developing automated methods for use ihistopathology. They offer a
way of extracting a quantitative measure to represent complex tissue architecture
and staining patterns. However, the limited biological interpretability of some
texture features has been highlighted as barrier to acceptance by clinicians and
pathologists (Kothari et al, 2013). Graph based features offer an alternative way
of capturing and representingcomplex spatial architecture andstructural
information by defining a large set of topological featuresGraphs have the ability
to represent spatialarrangements and neighbourhood relationships of different
tissue componentsVery large numbers of graph based feates are extracted to

represent the structural and spatial information used by histopathologsts to
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classify disease stateand they offer anew way of capturing the tacit knowledge a

histopathologist uses when grading a tissue samplghaznaviet al, 2013).

Table3.1 Summary of literature in digital histopathology grouped according to feature type

used

Feature

Classification

Feature Type

Appearance in published

literature

Area, size

(Adigaet al, 2006, Sokol Petushi
et al, 2006; Kothari et al, 2011)

Boundary (perimeter, perimeter

(Naik et al,, 2008; Kothari et al,,

Morphometric | curvature and fractal dimension) 2011)
Shape (eccentricity, sphericity, (Priceet al., 2003, S. Doyleet al,
elongation, compactness, 2007; Naik et al.,, 2008; Filipczuk
major/ minor axis length) et al, 2011; Kothari et al,, 2011)
Hue, saturation, optical density, (Jun Konget al,, 2007; Tabeshet
Intensity/ intensity al., 2007; Kothari et al,, 2011)
colour Colour texture features (J. Knget al, 2009; Sertelet al,
2009; Kothari et al, 2011)
Cao-occurrence matrices (inertia, (Scott Doyleet al, 2006; S. Doyle
energy, entropy, homogeneity) et al, 2007; Al-Kadi, 2010
Haralick and Gabor filter features (Diamondet al, 2004; S. Doyleet
Texture al., 2007; Kothari et al,, 2011)

Discrete texture, Markovian texture,

run length texture

(Al-Kadi, 2010)

Wavelets

(Scott Doyleet al, 2006; Kothari
et al, 2011)

Graph based /
Spatial

Voronoi diagram,

(S. Doyleet al,, 2007,
Basavanhallyet al., 2008; Jondet
et al, 2010, Kothari et al, 2011)

Delaunay triangulation

(S. Doyleet al.,, 2007,
Basavanhallyet al., 2008; Jondet
et al, 2010, Kothari et al, 2011)

Minimum spanning tree

(Basavanhallyet al.,, 2008,
Kothari et al, 2011)
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3.2.7 Feature Selection
It can be challenging to find out the exact basis on which a human expert makes a
particular decision,and so it may be an advantage to generate a relatively large set
of potential features despite the fact that many may be redundant. However, this
feature set must be reduced to avoid the curse of dimensionality and model
overfitting (introduced in section 2.5.4). An exhaustive search of all possible
features sets is not viable for large feature initial feature sets and so sequential
forward or backwards feature selection or sequential floating feature selection
tend to be usedPudil et al, 1994; Gurcanet al, 2009). More advanced techniques
such as genetic algorithmgSahineret al, 1996, Li et al, 2011) or boosting (S.
Doyleet al,, 2012) are increasingly beingused;however such techniques are more

complex to set up and run than traditional techniques.

3.2.8 Classification

In this research, a classification model has been used to predict the correct grading
of an image based oa set of feature measurements.There is a significant amount
of published research relating the use of classification algorithms in the diagnosis
and grading of cancer using histological image analysis. A summary of some of the
classification approachesused for cancer grading using histopathology and the

reported classification accuracy is given inrable 2.3.
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Table3.2 Classification Approaches used in Histopathology and Published Performance

Method Tissue Dataset Performance Ref.
Augmented cell graphs| Brain 646 biopsy | Accuracy 97.1%, (Demir et
images sensitivity 97.5%, al., 2005
specificity 93.3%
(inflamed), 98.%
(healthy)
Processing (adaptive | Breast 1062 Accuracy of 95.6% (Sokol
thresholding, section Petushi
morphological images et al,
processing) and 2006)
supervised
classification.
Modified k-Nearest Brain 43 images | Accuracy of 87.8% (J. Kong
Neighbour etal,
2009)
Linear Guassian Prostate | 367 Accuracy of 96.7% for | (Tabesh
classifier (diagnosis) (diagnosis) | diagnosis. etal,
268 2007)
k-Nearest Neighbour (grading) | Accuracy of 81% for
(grading) grading
Support Vector Prostate | 54 biopsy | Accuracy 92.8% (grade| (S. Doyle
Machine images 3 vs stroma), 92.4% etal,
(epithelium vs 2007)
stroma), 76.9% (grade
3 vs grack 4)
Support Vector Colon 45,056 Accuracy 99.72% (Rajpoot
Machine (with features- and
Guassian kernel), from 11 Rajpoot,
using hyperspectral image 2004)
images cubes
AdaBoost (multiclass | Breast 34 images | Accuracy 98.3% (non | (Oztanet
adaptive boosting malignant), 99.3% al., 2013

classifier)

(invasive) and 90%

(non-invasive)
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The excellent classification accuracies reported by Rajpoot and Rajpd@004)
reflect the exhaustive optimisation of the SVM kernel functions they have
undertaken which improved the accuracy of their classification method from 87%
to > 99%.Grade based classification accuracies in the literature vary significantly,
and often accuracyfor a cancer / non-cancer decision is much higher than
accuracy in discrimination of different grades. For instance, Keenat al reported
accuracies varying betweer62.3%-76.5% for discrimination of different grades in
H&E stained cervical tissug¢Keenanet al, 2000), and while Tabestlet al (Tabeshet
al., 2007) could discriminate between cancer and norcancer in 96.7% of prostate
cancer tissue slides, discrimination between low and high cancer grades was much
lower at 81%. The difficulty of differentiating lower cancer grades is also shown in
the results of Oztaret al (Oztanet al, 2013) which show 10% of nortinvasive
cancers were misclassified as nomalignant, despite reporting accuracies of >

98% for non-malignant andinvasive cases.

The literature can also be viewed in terms of whether the favoured methods are
generative or discriminative in their approach. Generative methods include
Gaussians, naive Bayes, mixtures of multinomials, mixtures of Gaussians, mixtures
of experts, hidden Markov models, Bayesian networks, and Markov random fields.
Popular discriminative methods include logistic regression, support vector
machines, traditional neural networks, nearest neighbour and conditional random
fields. It can be seen thiain general discriminative methods have been favoured.
This is not unexpected, as there is a tendency in machine learning to favour
discriminative models for classification tasks, as they solve the problem directly
rather than doing so through an additioral intermediate step of modelling the
underlying distribution (Rudermanet al, 1998). However when Ng and Jordan
(1960) compared the two types of models, they showed that while the generative
model had a higher asymptomatic error than the discriminative model when the
number of training examples became large, the generative model can reach its

lowest error with a lower number of training examples.

There are a number of reasons why the generative method of naive Bayes

classification was selected for this research project:
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A The number of training examples was limited and so a generative model
offered the possibility of achieving a reasonably low error classifier.

A The naive Bayes classifier is well known to be a robust method, which generally
shows good classification accuracgZhang, 2004 Demicheliset al., 2006). A
number of researchers compared th@aive Baye<lassifier with rule based
learning algorithms and proved the effectiveness of the naive Bayes classifier
empirically (Clark and Niblett, 1989 Cestnik, 199Q.

A Thenaive Bayeglassifier has been proved robust to noise and irreleant
attributes (Zheng and Webb, 2000 an issue identified as very important in this
research problem due to the presence of many image variables unrelated to
immune mediated danage.

A It has beenreported that domain experts in the field of medicine found the
learning theory easy to understand, a point that should be given consideration
given that this application was being developed for a company focussed on the

biologic and clincal aspects of their technologyfKononenko, 1993.

It is for some of these reasons that that theaive Baye<lassifier is often used as
benchmark when new classification methods are being designed. Using a known
method provides a useful starting point to assess the success of the image
segmentation and feature extraction methods developed in the researemd

means a usable solution is\ailable for Alcyomics at the earliest opportunity.

Due to the large and dense datasets typically generated in histopathology image
classification tasks, the use of ensemble classification methods is becoming
prominent in the field. Ensembles of classifies have been reported to reduce the
bias or variance associated with single classifiers and improve classification
accuracy(Kuncheva and Whitaker, 2003. While it has not been possible within the
scope of this research projectit would be valuable in the future to assess potential
improvements in classification accuracy using ensemble methods or extensions to
the Naive Bayes such as the hierarchical approach proposed by Demichetial

(2006) or the non-parametric version used by Soiraet al (2011).
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3.2.9 Ground Truth
When designing a computer aided system for image analysis or classificatidime
final performance is usually validated against an appropriate ground truth or
OAZAOAT AA OOAT AAOA8 4EA OAOI OCOiI OT A 00O
statistics to refer to theknown data used to train a classification or regression
modelandto A1 EAOAOA T O 1 AAOGOOA OEA AAAOOAAU I
against. While manual grading can be used as the ground truth for a computer
system attempting to perform the same task, the issues of inter and int@bserver
variability have raised some cacern (Janninet al, 2006). One way of improving
the ground truth is to use a system based on multiple human p&rts to generate
the known data, for example, Warfieldet al (2004) use expectation maximisation
to estimate a ground truth for segmentation from multiple expert inputs. Realistic
simulated images known as phantoms have also been us@giubert-Brocheet al,
2006), however the imagery in histopathology may be too complex to simulate
adequately. The ideal situation is the use of clinical data/ patient outcome as
ground truth, thus avoiding the uncertainty of the manual grading, however this

data may not always be availale.

3.3 Imaging and automated analysis of skin

3.3.1 Alternative Imaging Modalities

Skin imaging is widely used in the cosmetic industry and in dermatology. Digital
colour photography is used to create images which are used to analyse skin colour
and texture, and irvestigate facial lesionsWhile colourimetric staining combined
with brightfield microscopy is the standard technique for visualising tissue in
histology, there are a number of other imaging modalities which have been used to

visualise skin tissue.

There are manyimaging modalities that can be used to analyse the skin in vivo
rather than from surgically excised skin biopsies. Optical coherence topography
(OCT) provides cross sectional images of tissue structure in situ by measuring
back-reflected or backscattered light. The OCT technique provides images of much
lower resolution than the light microscopy images used in this research, but is

used widelyin dermatopathology applications due taits non-invasive nature and
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the opportunity it offers to analyse Ive tissuein vivo.It has been used for the
detection of basalcell carcinoma(Avanakiet al, 2009) and the analysis and
detection of active inflammation, necosis, hyperkeratosis and formation of
intradermal cavities (Gladkovaet al, 2000). The particular changes analysed in the
paper by Gladkova would suggest that this technique may be of use in arsahg
GVHRsn vivoto minimise the number of biopsies that need to & taken and
provide a more general assessment of damage over a larger area of skiowdver
since thein vitro nature of the Skimune assay is fundamental for its commercial
application, the technique does not have a direct application for this research
project. In the skin explant assay the GVHRs are only created after very small
sections of skin have been incubated in the lab with the test compounds. Applying
OCT prior to fixing and staining the skin samples may damage the samples through
additional handling and would be unlikely to provide additional information given

the limited resolution of the technique.

A large proportion of the published literature relating to image analysis of skin is
the detection and analysis of skin lesions and skin cancer. Imagare taken from
the skin surface using techniques such as epiluminence microscopy (ELM, or
dermoscopy) (Binder et al,, 1998, Gansteret al, 2001), digital video microscopy
(Seidenariet al, 1999) and confocal scanning laser microscop§Busamet al,
2002). Although some of these techniques are capable of penetrating the upper
layers of the skin, they generally have much poorer resolution than traditional

light microscopy on sectioned tissue.

As an extension to standard staining techniques, mutihannel techniques have
been used to overlay images generated using different imaging wavelengths and
immuno-fluorescent labels have been used to identify, quantify and localise
proteins and molecular markers within tissue. Camget al (2002) located
subcellular compartments using fluorescently labelled tags in order to identify
regions of tumour using celocalisation of tumour-specific antigens. Sequial
imaging and registration were used for simultaneous imaging using fluorescent
biomarkers and traditional H&E staining using fluorescent and brightfield

microscopy respectively(Canet al, 2008).
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3.3.2 Application of Image analysis techniques for skin histopathology
The only papers identified during this literature review which have applied image
analysis techniques in the analysis of GVHR in skin biopsies were @h8oudet al
(Sahmoudet al, 1993) and Fleminget al (Fleminget al,, 1998). Sahmoucet al
focussed on the lymphocyte infiltrde in biopsies taken soon after a transplant. The
ability of the spatial and texture parameters of the lymphocyte nuclei to
discriminate between the high and low risk groups was investigated; a
combination of five texture related features resulted in 100%correct classification.
Fleminget al carried out a similar study investigating whether the size, shape and
texture of lymphocyte nuclei could be used as a predictor of GVHD based on a
biopsy taken during the early onset norspecific symptoms. In this casethe image
analysis was not found to be a useful predictor of GVHD onset. Other uses of image
analysis in research relating to bone marrow transplantation and GVHD include:
analysis of bone marrowin situ following limb/ extremity transplantation (Hewitt
et al, 1995 Ramsamoojet al, 1996); measurement ofimmunohistochemistry
(IHC) stained Langerhans ced following BMT (Zambrunoet al, 1992);
differentiation of lichen planusfrom chronic graft-versus-host disease using
quantitative IHC (Hitchins et al,, 1997) and morphological analysis of skin

thickness and IHC in murine sclerodermatous GVHD.

In summary, image analys has been used to predict the onset of GVHD from
nuclear characteristics of lymphocyte infiltrate, however this is not a parameter
that will be investigated in this research. Other research has generally used image
analysis as a tool to assist in quantiéation of IHC or to analyse basic features such
as epidermal thickness, this type of use would involve significant user interaction

and is quite different from the automated system that is the aim of this research.

Except for the work from Lu and Manda(2012) and Mokhtari et al.(2014) on skin
segmentation already presented, there is relatively little reported in the literature.
One other source of literaturepublished on image analysis of skins the University
of Graz n Austria. Research in the 1980s and 1990s focussed on the assessment
and diagnosis of melanoma through morphological analysis of mononuclear cells

(Smolle, 198§, nuclei(Smolleet al, 19897 Leitinger et al, 1990), vasculature

110



Chapter d.iterature Review

Imaging and automated analysis of skin
(Smolleet al, 1989h) and collagen(Smolleet al, 1996), moving from subjective
counting and manual identification and grouping of features through to fully
automatic measurement procedures. A relativelgimple approach consisting of
shading correction, a low pass filter and a threshold finding algorithm based on the
grey-level histogram was able to segment the epidermi&Smolle and Hofmann
Wellenhof, 1998, however no quantitative data is given relating to how accurate
the segmentation is and this type of approach is dependent on good quality
staining of the sample. In 2000, a methodology was developed by Josef Smolle
known as Tissue Counter Analysis which usehierarchical cluster analysis to
classify electronically dissected image sectiongalled tissue elements)hased on
texture, colour and greylevel features. Skin structures such epidermis, papillary
dermis, and dermal infiltrate were identified and the gproach has been applied to
the quantification of immunostaining in combination with fractal analysis(Gerger
et al, 2004), quantitative analysis of skin biopses(Smolle and Gerger, 2008and
classification of malignant melanoma in combination with Classification and
Regression TreegCART)(Gerger and Smolle, 2003a5erger and Smolle, 2003b
Wiltgen et al, 2007). In combination with CART, the technique resulted in correct
classification of the tissue elements at a rate of 91.7% for cellular elements, 90.0%
of collagen based elements, 79.9% of fatty elements and 64.3% of other tissue
components. The authors identified dficulties in correctly classifying elements at

the section margin, in thestratum corneumand other histological artefacts.

Image analysis has been used for the quantitative assessment of immunostained
eosinophilic granule protein (EGP) in skin tissuéKiehl et al, 2001). Following

additive shading correction, thecolourspacetransformation and recombination of

the greyscale images was carried out according toethods put forward by Smolle

(Smolle, 1996 and Ruifrok (Ruifrok, 1997), this was followed by an automated

thresholding step basedd / OOO06 0O | AOET A8 4-&istog AT | AET A
methods is common to many of the published studies in histopathology. However

it differs from this research in that it is quantifying specific immune based staining

rather than looking at structural breakdown.
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Given the relative paucity of image analysis literature relating to skin, literature
relating to image analysis applications in cancer on H&E stained images is most
relevant to this research, due to the stictural changes seen in both GNR and
some fams of cancer. This is reflected in the focus of the preceding literature
review. Although the results of these applications will be a useful benchmark to
assess the success of any developed classification method, it is most important that
the classifier provides a useful solution for Alcyomics. This will require that the
accuracy is at least as good as that of the existing manual grading method, and that

objectivity and reproducibility are improved.

The next chapter will described the creation of the imag dataset used in this
research, and this will be followed by chapters describing the development and

assessment of an automated image clafisation method for the images.
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Data Source: Skin Explant Assay
Chapter 4 DataGeneration and Image Acquisition

In this chapter, the data set used in the research is described, the selection and
optimisation of the image acquisition and initial preprocessing procedures is
presented. The manual grading of the dataset is also desagband the inter

operator agreement analysed.

4.1 Data Source: Skin Explant Assay

While the aim of the research was to develop a classification process to be used as
part of the commercial use of the assay, a data set of skin samples generated using
chemical and pharmaceutical test compounds was not available when the research
project was started. As an alternative, 125 clinical samples generated when using
the skin explant assay (described fully in Chapter 2, section 2.3.2) for assessment
of donor patient pairs in preparation for bone marrow transplant procedures were
provided instead. A further 57 slides were provided later in the research project

which had been generated during testing of pharmaceutical test compounds.

For the application of computer based irage analysis techniques, information that
is traditionally viewed by a human using a microscope must be captured in a
digital form. The slides provided by Alcyomics needed to be converted to a digital
form and determination of the most appropriate way of @ing this necessitated

consideration of the specific challenges of the dataset.

4.2 Image variation in skin explant data set

There were a number of challenges associated with the images being used in this
research project that include: inconsistent sample pngaration and histological
staining; significant variation in size, shape and orientation of skin sections; and a
complex combination of features to differentiate between grades. Despite previous
attempts by Alcyomics to reduce variation by optimising samg@ preparation and
staining, this source of variation has not been eradicated. The challengeere an
unavoidable part of this particular research problem. Handling this variatiorwas

one of the most important aspects of this research.
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The length of time ketween the biopsy being carried out and the start of the assay
alongside the storage conditions may result in some degradation of the sample.
This potential source of variation is mitigated by dissecting the biopsy into
multiple sections and running at leat one of the sections as a control in the assay.
This is performed by culturing the control sample in culture media in the absence
of immune cells or the test substance. Any damage caused by processing
techniques during the assay procedure or biopsy stoge will be evident in the
control sample as a consequence. In the case of a grade Il or higher grading for the

control sample, the assay will be repeated.

The skin sections are stained using the haematoxylin and eosin staining
methodology. Any histologicstaining process can result in varying colour
intensity or saturation when performed with different stain batches, on different
samples or on different days. Although great effort has been made to try and make
this process more consistent by employing sindard operating procedures, a
significant amount of variation remains and any automated system developdthd
to be be suitably robust to handle this inherent source of variability. The variation
in staining can be observed irFigure 4.1A-D, although it should be noted that the
colour variation is a combination of staining differences, lighting variation and
biological variation. Dissection of the original biopsy creates variation in terms of
sample size, the proportion of epiderns to dermis and sampleThe samples vary
in size, shape and orientation, but are generally less than 2mm in diameter. In
some cases the epidermis forms a fairly linear structure across one edge of the
sample Figure 4.1A); in other samples it curves around the outside edge~{gure
4.1B). In rare cases the epidermis forms an unbroken ring around the edge of the
sample(Figure 4.1C). In addition to vacuolisation, cleft formation andhe presence
of dyskeratotic bodies, a number of the images also included regions of necrotic
(dead) tissue, which can be observed iRigure 4.1D. Ordinarily, samples with
necrotic tissue are not manually scored and biopsies witbuch artefacts are
excluded in the standard assay readout, however these images were included in
this research to enable the software to identify and ignore artefacts or necrotic

regions.
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Figure4.1 Fourexamples of H&E stained skin images, showing variation in shape, structure and
orientation

For some slides, several fragments of tissue make up the sample, this may be due
to the sample being are particularly small or the person preparing them believing
that a single sample was not representative, or it may be the result of a severe
GVHR which has broken down the tissue structure and detached the epidermis
from the dermis. The sectioning in paraffin at the end of the assay can also
introduce variation and artefacts such as tears, particularly in fragile areas sucs
the DEJ Tears such as the one indicated by the arrow Figure 4.2 can be difficult

to distinguish from clefts at the DEJ.
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Figure4.2 Section of H&E stained skin section showing a tear at the dermal epidermal junction,
indicated by the arrow.

Regions close to the cut edge often show more damage than internal regions and
this can be observedn the sample shown inFigure 4.3, where the affected areas
are circled in blue. Any unusual damage located in these areas is discounted during

manual grading.

Figure4.3 H&E stained skin image with grade | damage. Unusual break down in cell and tissue
structure at cut sample edges is circled in blue.
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4.3 Manual Slide Examination

Considering how information is processed and decisions made during the manual

grading process provides a useful starting point when considering how to

represent the information in the slide digitally. During the manual grading of
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magnification and identifies the epidermal tissue and the DEJ. The operator will

then typically focus on an area of interest that appears to contain features of skin

damage and subsequently switch to a higher magnification lens to confirm the

presence and severity of the damage. Vila this hierarchical examination method

is an efficient way of working, the operator is only examining a limited number of

image regions in detail and it is possible for some information to be missed at the
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image acquisition procedure should be designed to eliminate (or minimise) any

operator based decision processes.

The type of technology used for slide digitisation is important in terms of costs,
ease of use, availabilityo the industrial partners and image quality. However,
before the different systems were tested, the general approach used to capture the

information digitally was selected.

4.4 Digital Representation Framework

There are three main frameworks that can be usetb capture and represent
information in a slide. The first is a sampling based approach, the second uses a
multi -resolution acquisition system and the third uses whole slide imaging. An

overview of each approach is given in the following sections.

4.4.1 Samplng

The large size of the image data sets generated in digital histopathology can make
it impractical to process, measure and analyse the whole sample, making sampling
an attractive proposition. There are a number of ways in which sampling can be
carried out. Probability based sampling, which includes random and systematic
methods, can be used to avoid operator bias, but critical histological features may

be missed as they tend not to be distributed evenly throughout the samplEigure
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4.4 shows an image where most of the sample has the appearance a grade |
reaction but small regionsof focal grade Il changesire also present (circled in
green on the figure). A random sampling approach could easily miss these focal
grade Il regions that the expert evaluators have identified as important indicators
of damage.

Figure4.4 H&E stained skin section showing grade | changes with some focal grade Il changes,
circled in green.
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A second sarpling approach would be to take a series of images covering the area
of interest (AOI), which would be the epidermis in this research. However, this
approach would require the location of the epidermis to be specified by an
operator which could introduce goerator bias into the system from the start of the
analysis process. To improve upon the current manual grading, the use of data
from the whole sample would be preferable to a sampling based approach as this
would remove the issue of sampling bias, and enee all available information is

captured and used in the subsequent classification process.

4.4.2 Multiresolution Image Acquisition

An alternative to sampling is multiresolution imaging. In this approach a low
resolution image is taken of the whole sample, coputer-aided image analysis is
used to identify the AOI and finally the identified areas are imaged again at a
higher resolution. Alternatively, a series of different resolution images are taken
and the low resolution image is used to define which parts difie high resolution
image to examine in detail. This method mirrors the manual approach described in
section4.3and has been described in a number of patents and papers. It aims to
limit memory usage by confining high resoluibn imaging or image analysis to the
AOI(Bouman and Liu, 19910nget al, 1996; Ifarraguerri et al,, 2003). The mult-
resolution approach is an attractive option when using histopathological images,
as it offers a framework to handle the significant quantity of data to be analysed.
One example describedy Madabhushi(2009) of the quantity of input data is the
prostate biopsy procedure, where up to 20 biopsy samples may be taken, each of
which may contain 225 million pixels once digitised in RGB colour at x40
magnification. High magnificaton is often required due to some important image
features, such as those within the cell nucleus, only being visible at high
resolutions. In this research project the features are generally visible at x10 and

x20 magnification, so higher magnifications arennecessary.

4.4.3 Whole Slide Imaging
In whole sample capture, the whole sample is captured as a single image. This
approach is not possible using many traditional microscope imaging systems due

to the inability of the lens to capture the entire field of view(FOV) when working
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at magnifications high enough to identify the tissue features (at least x10
magnification). More complex imaging systems, such as the Zeiss Axio Imager
discussed in sectior4.6, are able to take a series okparate images at a high
resolution and stitch them together to create a single image. The majority of newer

microscope systems include this type of software as a standard feature.

Another solution would be to source and use a dedicated slide scanner tgitise
the whole slide at high resolution. Digital slide scanners work by moving an
objective lens across the microscope slide and capturing the magnified image
scene with technology such as a CCD (charge coupled device). The scanners tend to
generate a ‘ery high resolution image at high magnification (x40) which can also
be viewed at lower resolutions. This size of file creates data handling and storage
issues, which is why most scanner manufacturers also offer web hosting and
sharing facilities. One potatial issue with using a slide scanner is the use of
proprietary image formats which make implementation of a novel image analysis
approach difficult; scanner manufacturers sell their own image analysis software
and frequently make it difficult to developcustomised algorithms to use alongside
their systems. Despite these issues, digital scanning is a growing technology in
histopathology and would be worthy of investigation in the future, however a
scanner was not available for this research project and osequently alternative

methods were investigated focussing on a system to enable whole slide imaging.

Two different image acquisition systems were investigated. The Leitz Wetzlar/
Canon system is available to Alcyomics at zero cost for the routine anakysif

slides, and for reasons of cost, simplicity and ease of access would have been the
logical choice for the research project. However a second system is also accessible.
The Zeiss Axio Imager is of a higher specification than the Leitz Wetzlar/ Canon
system, with additional functionality including autofocus, white balance correction
and image tiling. Limitations of this are that it is not available at all times and a cost

of £13/hr is incurred each time it is used.
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4.5 Assessment of Leitz Wetzlar Microscop@anon Digital Camera

The Leitz Wetzlar microscope isurrently used by Alcyomics to examine slides in
the Skimune assay, the camera is used in cases where a record is required for

reporting purposes. The equipment set up is shown schematically Figure 4.5.

1 - Light source 6 - Digital camera

2 - Sample 7 - Remote controller
3 - Objectivelens 8- USB cable

4 - Eyepiece 9 - Personal computer
5 - Adaptor 10 - Display monitor

10

Figure4.5 Schematic representation of the Leitz Wetzlar microscope and Canon camera image
acquisition system.

The microscope uses bright field illumination (1), which was preiously

introduced in Chapter 2 section 2.1.2, to create image contrast through the
absorbance of light by colourimetric dyes in the sample (2). The available objective
lenses include x5, x10 and x25 magnification (3). The image can be viewed through
the microscope eyepieces (4). An adaptor (5) links the phototube on the trinocular
microscope to a Canon EOS 350D digital camera (6). The camera lens has been
removed so that the image can be captured directly from the microscope
phototube by an 8 megapixel coplementary metalzoxidezsemiconductor (CMOS)
sensor. The image can be taken using a remote switch to avoid camera vibration
(7). The digital information is transferred via a USB cable (8) to the computer (9)
where a software package displays the captured iages on the monitor (10). The

camera produces final image size of 3456 x 2306 pixels at 24 bit depth.
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4.5.1 Field of View
The field of view (FOV) of a microscope is the area of the sample that can be
viewed or captured by an optical sensor at one time. Usingd lowest
magnification lens (x5) the majority of the skin sample could be observed when
viewing through the microscope eyepiece, however the camera was only able to

capture a portion of the microscope FOV, as can be observedrigure 4.6.

-

The microscope The camera field

field of view < of view is smaller

contains the than the

whole sample microscooe field
\e

Figure4.6 Diagram indicating the portion of the microscope field of view that is captured by
the camera sensor. Note the image used was not taken with this system.

A whole sample image could dy be obtained from this system if several
overlapping images of the sample were stitched together using a separate software
program. The higher the magnification required for the analysis, the more separate

images would be required, and the greater the coplexity of the stitching process.

4.5.2 Magnification and Image Resolution

When using a digital camera attached to a microscope, the final magnification of
the image is the product of the magnification of the microscope objective lens, the
camera optics and arenlargement factor dependent on the size of the pixels in the
final viewed image. For the determination of the appropriate set up of the
microscope and camera a range of images were taken of the same slide using
different objective lenses.The lower the djective lens magnification (e.g. x5), the
lower the resolving power of the microscope. The microscope magnification
selected determines the optimal camera resolution. There is no advantage in using

a higher camera resolution than that of the microscope.RE requirement for
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resolution must be balanced with the need for a large field of view (FOV) on which

to perform the analysis.

Four images were taken using the x5, x10, x25 and x50 objective lendegure 4.7
shows the same fiad of view cropped from each image and enlarged to a set image

size to allow comparison of the detail and resolution at each magnification.
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Figure4.7 Comparison of image resolution with four different ragcope objective lenses.

The main observation fromFigure 4.7 is that the image taken with the x5 objective
lens has lost a significant amount of detailed information about the individual cells
compared to the other imagesTheresolution of the other images is more difficult

to explain as there appears to be a drop in resolution when the x25 lens is used
when compared to the x10 lens. This is unexpected, as the x25 lens should provide
more detail. While it is possible that the mA OT OAT PA xAOT1 60 A& AOOO
is unlikely as the images appeared well focussed when viewed through the
eyepiece A mismatchin the focus of the microscope and camera caused by the
camera being mounted at the wrong heightvould explain a generalack of focus,

but this would be consistent across all the image#t.is clear thatthere are other
factors limiting the resolution when usingthe x25 objective lens. The colour

contrast is also poor in this image and so one possible explanation is thaetlens
itself was flawed in some way. Theolour difference must result from the lenses, as

no other changes were made to the system.
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The inconsistency observed raises questions about the ability of this system to
produce high quality images. The x10 objd¢iwe lens is producing focussed images
which show some detail of the cells and tissue structure, however if this image
acquisition system were to be selected, further investigations into the focussing

inconsistencies would need to be made.

4.6 Assessment of 4ss Axio Imager A2 System

The Zeiss Axio Imager A2 system is a high quality imaging system which can be
rented by the hour, and is based in the Bitmaging Unit, Newcastle University
Medical SchoalThe system offers transmitted light, fluorescence and cdocal-like
modes of operation. For the H&E stained slides used in this project, the
transmitted light mode is the most suitable as H&E is not a fluorescent stain and
the 3-dimensional images produced during confocal microscopy are not required
for this application. The transmitted light mode works in the same way as the
previously described Leitz Wetzlar microscope; however the camera is built into
the system and can be controlled using a touchscreen on the system or through a
linked desktop computer. Additonally, the Zeiss microscope has automatic
autofocussing, background correction and white balance adjustment, and a
motorised stage to enable automated tiling and stitching of multiple images post
capture using inbuilt MosaiX software. The available objive lenses range from
x2.5 to x100.The colour camera on the system has a resolution of 1388 x 1040
pixels (a lower resolution than the Canon camera which had a resolution of 3456 x
2306 pixels).

4.6.1 Magnification and Image Resolution

Initially single fields of view were taken to compare the level of detail that could be
resolved at different magnifications. Single 1388 x 1040 pixel images were taken
using x2.5, x10, x20 and x40 objective lenses, resulting in a 4.12MB TIFF file for
each image. The most suitde magnifications were x10 and x20. The x2.5
magnification did not show the individual cell components in sufficient detail to
clearly see vacuoles, while the x40 magnification did not provide significantly
more relevant cellular and structural detail than the x10 or x20 magnification. The

increased spatial resolution at x20 magnification results in more sharp and
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detailed images than those created using the x10 magnification. The x10 and x20
images are shown irFigure 4.8 and Figure 4.9 respectively, both were able to
capture the main detail of individual cells including the darker purple central
nuclei, white vacuoles and pink cytoplasm. The x20 images show the internal detail

of the cells more clearly.

Figure4.8 A 1388 x 1040 pixel image captured using a x10 microscope objective lens. The
image on the right is an enlarged section to show cellular detail

Figure4.9 A 1388 x 1040 pixel image captured using a x20 microscope objective lens. The
image on the right is an enlarged section to show cellular detail

The MosaiX software supplied with the Axio Imager system was used to define the
area that wauld contain the whole sample, and control the motorised stage and

camera to take digital images of multiple overlapping FOV covering the defined
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area. The software includes an image stitching algorithm which matches the
overlapping parts of the images to ieate a single image of the whole sample.
Image tiling was attempted at both x10 and x20 magnifications. Although the x20
magnification provided very good resolution a major disadvantage to using it was
that the number of image tiles increased significangl. The camera resolution is
fixed in this system, and so when the system is set to capture the whole sample, the
total image size is dependent on the physical size of the skin sample. In theory an
iImage at x20 magnification will require four times more ties than an image taken
at x10 magnification. In practice the increase can be less than this due to differing
amounts of background included in the image, for instance an image captured at
x10 magnification in 16 tiles required 56 tiles at x20 magnificationUsing a x20
magnification would increase the time of the acquisition by a factor of four, and use
four times more memory. While the impact of the acquisition time would only
become an issue if Alcyomics wanted to increase their sample throughput
significantly, the increased image size would have increased the time and

processing power required for all the subsequent image processing steps.

4.6.2 Image Tiling, White Balance Correction and Background Correction

A number of images were taken, altering the setting®r white balance,

background correction and magnification. InFigure 4.10 the colour balance has a
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to select an area of white background againsthich to normalise the other colours.

The results of this procedure can be seen fRigure 4.11 where the blue cast has

been removed. The separate image tiles can be seen clearlyigure 4.10 and

Figure 4.11; this is due to variation in lighting across the microscope FOV. This was
resolved by taking an image of a blank area of the slide once the microscope had

been set up, and using an automatic built in software tool to subtrattis
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The process can be compared to a baseline correction procedure used in signal
processing. The result of the background correction can be seenkigure 4.12. The

final step of image acquisition was to utilise the image stitching feature in the Zeiss
system software. When the stitching was not carried out, the overlapping image

tiles did not always align, as can be observed Figure 4.10 at the point indicated
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by the arrow. When the image tiling was used in combination with white balance
correction and background correction, the process resulted in a high quality image

that represented the sample accurately, as shown figure 4.12.

Figure4.10 Skin sample image, requiring 56 tiles at x20 magnification (objective). White
balance, background correction and image stitching NOT applied.
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Figure4.11 Skin sample image, requiring 56 tiles at x20 magnification (objective). White
balance applied, background correction and image stitching NOT applied.

Figure4.12 Skin sample image, requiring 16 tiles at x10 magnification (objective). White
balance, background correction and image stitching applied

A standard operating procedure (SOP) was prepared for Alcyomics to enable them
to capture images using the appropgate methodology. This SOP is attached in

Appendix A.
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4.7 Image Grading using Manual Approach

The manual grading process was performed on all images provided by Alcyomics,
but a full grading assessment was performed on the initial 125 image. The images
were initially assessed at the microscope by the author and checked by an
experienced histopathologist. After further discussions it became obvious that
certain images were difficult to grade and were a source of disagreement in
grading between different experts Since this grading was being used as the basis
of the training information for the classification model, it was vital that this

information was as accurate as possible.

To get the most accurate grading (and to check the precision of manual grading),
two experts with significant experience in grading GVHRs were asked to grade 125
whole slide images independently to avoid an agreement measurement bias. Of the
125 samples, eight were deemed unsuitable, either because they contained
significant artefacts (eg. necrotic tissue, tears), had missing tissue, faint staining or
were generally atypical tissue sectionsTable4.1 shows the reasons why each of

the eight images were deemed unsuitable and excluded from further analysis.

Table4.1 Images excluded from further analysis and reason for exclusion

Image ID | Reason for Exclusion

16 Large area of necrotic tissue in epidermis

28 Large area of necrotic tissue, and little normal epidermis.

31 Dermis completely detached and not present on slide

35 Tear in epidermis has artificially split sample

36 Staining of dermis very pale and subsequently difficult to see.
59 Tear in epidermis has artificially split sample

91 Very small sample of epidemis

95 Unusual morphological structure to epidermis

The grading of the remaining 117 samples was analysed using kappa statistics
(Cohen, 196(. Kappa statistics can be used to analyse agreement of multiple
operators evaluating the same samples. Kappa meages agreement between

operators and is a ratio:
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Qo[ N ea—o Equation4.1

where P(A) is the proportion of times the two operators agree, P(E) is the
proportion of times the operators would be expected to agree by chanc&appa
values range from-1 to +1, with a kappa value of 1 indicating perfect agreement
and a kappa value of 0 indicating the same agreement as would be expected by
chance. Kappa values of less thaero are rare, and indicate the agreement is

weaker than would be expeatd by chance.

Table 4.2 shows the grading agreement between the two expert operators, XW and
AD when grading 117 skin explant samples. The table shows the correlation in
grading scores between the two experts. For instance, thelii@ shows there were

16 cases where both experts agreed a particular sample was grade Il anda®es

when AD gave a grading of l'dnd XW gave a grading of Ill.

Table4.2 Grading agreement of skin explant sples by two expert operators

AD

Grade | Grade | Grade Grade

I [l 11 v All
Grade | 29 13 1 0 43

xw | Grade Il |1 16 1 0 18

Grade lll | O 1 40 2 43
Grade IV |0 0 0 13 13
All 30 30 42 15 117

The observed agreement P(A) is the percentage of all images which the two
I DAOAOI 0086 AOAI OAOETI T O ACOAA AT A xAO

CA
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PP X ppy o Equation4.2
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The agreement that would be expected to be present by chanalne, P(E), was

determined using the following calculation:

v T0o om pY O TGO TC pPpo pu

PPXPPX PPXPPX PPXPPX PPXPPX Equationd3
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This results in a kappa value of 0.833, indicating good agreement between the
operators. While the general agreement is good and all but one of the
disagreements are by a single grade, there is one interesting observation around
the grade | and Il border. In 13 cases WX gave a grading of | and AD gave a grading
of Il; the opposite situation with XW grading Il and AD grading | only occurred
once. This indicates that at this critical border between a negative and positive
result, AD is much more likely to give a positivgrading than XW. The decision
between grade | and Il was described anecdotally to be the most difficult to make
due to the absence of a clear differentiating feature such as cleft formation or
complete separation of the tissue layers. This analysis supgsrthis conclusion
showing that there was disagreement at the grade I/1l borderline in 15 of the 117
images (a rate of 12.8%). In the cases of disagreement, a discussion with both

experts present was used to decide on the final grading of each training spia.

In the course of this discussion the experts also suggested a simplified binary
classification grading scales during classification development. A binary
classification of negative (grade 1), vs positive (grade I, 11l or IV) was determined
to be themost important and useful classification. While a secondary multiclass
classification consisting of negative (grade 1), mild reaction (grade II) or severe
reaction (grade Il or IV) would be a useful additional classifier, it was decided that

this would form the basis of future work beyond the scope of this project.

4.8 Discussiorof Data Generation and Image Acquisition

In the images obtained using the Leitz Wetzlar system the colour balana@as
skewed towards yellow tones, which means a white balance correoti would be
needed prior to any other image processing. Unusual colour casts typically result

from the type of illumination used or faults with the camera sensofThere were
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also focusing issues with this system, probably resulting from a mismatch in the
focus of the microscope and camera. This mismatch is likely to have been caused
by the height at which the camera is mounted and solving the problem would have
a required a new adaptor tube. While thisvas not a significant barrier to the use of
this system, therewere other issues which made the Zeiss system a better choice.
First, thereliance on manual focussing when using the Leitz system would
introduce more variation into the images than when using the Zeiss autofocus. The
FOV limitations of the Leiz would also require mages to be taken at the x10
magnification and then stitched together using a separate program either sourced
or developed in MATLAB. Background correction would also be required to correct
uneven illumination across the FOV, which wald require a separate image of a
blank area of the slide to be taken at each imaging session, and later subtracted
from each sample image. While it would have been possible to develop new
methods for image tiling and image correction, this would not havbeen an
effective use of research timeOverall the images from Leitz system would require
a significant amount of processing before they could be used in image analysis and

there is no guarantee that the image focussing problems could be addressed.

The Zeiss Axio Imager Il systenoffered a more consistent approach to obtaining
images than the Leitz Wetzlar system. Hbuilt features were available for
autofocus, automatic white balance, background correction and image tiling and
stitching. These low leveimage processing techniques all hekd to improve the
performance of the system and reduce operator associated variatioifhe Zeiss
Axio Imager Il was chosen to create the image data set, and this was done in 5
sessions over a period of several months. €image dimensions and aspect ratio
varied because of the variation in sample sizes, with heights of 1047 to 4819, and
widths from 2676 to 5254 pixels. The slight differences in microscope set up, and
lighting in particular led to some variation in colourbalance between sets of
images created on the same day. This issue would be solved by using a digital slide
scanner, and while this was not an available option during this research project, it

would be a useful technique to use in the future.
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The potential differences between skin samples generated using chemical and
pharmaceutical test compounds compared to those generated when the assay used
for clinical assessment of donor patient pairs are worthy of consideration. The
clinical samples appear to show theame GVHRSs as are produced in the
commercial assay, however there is a possibility that there may be some
differences between the traditional GVHRs and those produced when a test
compound or drug is present. Without the commercial dataset, it was not passe
to rule out differences at the start of the research project. An additional set of 56
test images provided by Alcyomics towards the end of the study were all generated
in the commercial assay. While there are no obvious visual differences in the
clinical and commercial sample sets, visual comparison of the two image groups is

a very subjective assessment.

While a multi-class classification system that classifies new images as either grade
[, I, 11l or IV would be the preferred solution in this reseach, it was decided that
the initial focus should be to develop an accurate binary classifier due to the
challenges of the grading process. A binary classification provides the information
required by Alcyomics to determine whether a test compound causes an
immunogenic reaction. More specifically, when a manual grading is carried out,
grade | is quoted as a negative result whilst a grade I, Ill or IV is determined to be
a positive result. A positive result indicates that the test compound has caused a
significant immune based reaction in the skin. This binary classification is a
challenging problem as it is this classification that is the most difficult for a human
grading manually to determine, mainly due to the lack of a clear differentiating

feature between grade | and Il damage.

This chapter hasprovided information on the image set used in the research and
the optimisation of the process by which the images were digitised. The challenges
of the dataset and the rationale behind the decision to focus onrairy

classification have also been presented. Finally an assessment of the current
manual grading process was made. The next chapter will describe the
development of the procedure used to prgrocess the images and identify the

regions of interest showingimmune mediated damage.
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Chapter 5 Image Processing and Segmentation

In this chapter, the development of the methodology used to process the images
and identify (or segment) the regions of interest is described. The segmentation of
particular regions in an image is lhe fundamental basis on which all subsequent

steps in the automation process depend.

The objective of the research project was to successfully classify input images into
particular grades based on the severity of inmune mediated histological reactions.
The grade is based on the presence and extent of particular features including
epidermal vacuolisation, clefts athe DEJand dyskeratotic bodies. Successful
classification relies on being able to identify these features within an image. The
histological features associated with GVHRs are found exclusively within particular
tissue types and hence the first step must be to locate the different tissue types in
the skin sample, prior to identifying specific features. The image processing,
segmentation and featureextraction process that has been developed is split into a
number of separate operations and when carried out in series, the process
segments the image in a hierarchical manner. This approach works on the basis of
feature scale; the first segmentation sjls the image into background and sample,
the next splits the sample into epidermis and dermis, and the final segmentation
splits the epidermis down into vacuoles, clefts and normal tissue, and the dermis
down into clefts and normal tissue. The hierarchidgprocess is summarised in

Figure5.1.

Figureb5.1 Hierarchical structure of segmentation process, starting with the whole image and
resulting in the segmentation diie critical histological features, vacuoles and clefts.
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A three-stage platform process for the segmentation of histological images is
presented in this chapter. The initial method development and optimisation
focussed on sample and epidermal segmentaticand this is presented in section
5.1. The performance of this segmentation is evaluated in secti@?2. The outputs
from the sample and epidermal segmentation stepre used as the starting point
for dermal segmentation, which is described in sectiob.3. The modifications of
the platform segmentation process required for the identification of clefts and
vacuoles are descbed in sections5.4 and 5.5respectively. An alternative set of
criteria to identify clefts and vacuoles is presented in sectiob.6 andfinally the

research outputs are discussed in sectiob.7.

There are many parameters which were optimised during the development of this
process, some of which are dependent on the exact image spatial resolution and
the speciic staining and lighting properties of the image data set used to develop
the process. In order to aid future development and application of the method, a
list of all parameters which would needed to be reoptimised if images of a
different spatial resoluion or colour profile were being analysed are presented in

Appendix C

5.1 Sample and Epidermal Segmentation: Method Development

The three-stage platform process for image segmentation consists of: (1) colour
image pre-processing primarily for the purpose ofcontrast enhancement, (2) Otsu
thresholding and (3) morphological processing and object classification of the
binary segmentation mask. The proposed method is a novel approach to enabling
highly variable sets of complex histopathological images to be segnted using the
well-known Otsu thresholding method. Unlike the multiresolution approach of
Wanget al (2007a) which requires images at x2 and x40 magnificatio, this
procedure can be performed on a single image at x10 magnificatidine
thresholding approach was improved by preprocessing the colour image prior to
thresholding and postprocessing the binary image produced by the thresholding
operation. This is asimilar approach to that described byEramianet al (2011),
who included a presegmentation colour standardisation andbost-segmentation

processing step based on domain specific rules.
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The previously published methods for tissue egmentationall use classification or
clustering of single pixels or pixel sets based on a feature vector of properties,
including support vector machines(Y. Wanget al, 200738, Hierarchical Selt
organizing Maps(Datar et al, 2008) and a graph cut method Eramianet al, 2011).

The process was optimised and tested on whole slide images of H&E stained
human skin sections that exhibited varying level®f histopathological damage
including vacuolisation, subepidermal cleft formation, dyskeratosis and necrosis.
The presence of varying levels of structural damage and image variation created by
inconsistencies in tissue preparation and staining means acate segmentation of
specific tissue types is particularly challenging for this dataset. The development of
a segmentation algorithm able to handle the challenges of this dataset is essential

to the creation of a computer assisted process for histologicgrading.

Figure 5.2 summarises the main stages of the segmentation algorithm. The
algorithm is based on the differences in the colour and intensity of staining in the
different tissue types, the texture within each tissue and theverall shape and size
of tissue regions A colour normalisation step haslsobeenincluded to handle
colour variations in the images resulting from differences in sample thickness,
staining procedure, and lighting during sample preparation and image acégition.
The text on the right of the figure describes the main functions of the processing
steps shown in the flow diagram. The algorithm was implemented using the Image
001 AAOGOET ¢ 41 1 P,AérstbA 7.8, ]R2010b4Thed MathWorks, Inc.).
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Sample Segmentation and Image Cropping Process image to improve
algorithm efficiency and

Colour Normalisation robustness

Colourspace Conversion

Enhance contrast of

Contrast Enhancement epidermis

Linear Combination

Thresholding

Create a binary mask of
epidermis
Morphological Processing

Object Classification

Remove non-epidermis
objects

User Interaction

Figure5.2 Main processing steps in the algorithm to segment the epidermis from a digital
image of an H&E stained skin section. The text boxes on the right describe the function of the
processing steps throughout the algorithm.

5.1.1 Sample segmentation and Image Cropping

The first stage in the algorithm isthe segmenttion of pixels in the image
representing the skin sample. This first segmentation increases the efficiency of
the algorithm by limiting the number of pixels being processed during subsequent
steps. While segmentation of the skin sample could be achieved by locating either
the background or the sample pixels, the background pixetse used as they have
lower intra -image variance Background pixels within a single image show very
little variation in colour or intensity as there is no tissue present and illumination
correction to remove variation resulting from the microscope lighting is performed
during acquisition. The main variaton present in the background is due to very
small tissue fragments or dust. The background pixels are located by creating a
composite imageK, which is the summation of the red, green and blué}(Gand B)

intensities for each pixel in theRGBimage (Eq.5.1).
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K=R+G+B Equation5.2

Black pixels are present at the image edges due to the image tiling procedure, as
can be seen in Figure 4.12. The logah of these black pixels is not fixed and so
they are located by finding all zero elements iKK. The most frequently occurring
value inK, excluding the black pixels, is used to approximate the background
colour and this value as the background thresholdgtresh. The black pixels at the
image edge are replaced with the background threshold intensitygiresn, to create

a consistent background.

The calculation ofbgiresh can be written as:

©0Q Q30 QEANAT ATTIGEATRA Equation5.3
When thebgresh Values of the first 50 images obtained were examined it was
observed that while the majority of images had &gresh of 640-710, there was a
second group with values in the range of 531561. On closer examination it was
found that all of the images with the lowelbgresh Values were taken on the same
day; it is thus likely that the lighting on the microscope was set at a slightly
different level. Figure 5.3 shows thebgtnresh Values of the 50 images with the images
taken on 31/05/2012 highlighted in red. This type of variation is typical in this
application, and must be accounted for in solution developed. The factaithe
difference in lighting can be seen in thégnreshvalue confirms the validity of thebg-

thresh measurement.
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Figure5.3 Bar chart showing the mode composite intensity,bg values for 50 image

To reduce memory requirements in the implementation of this algorithm, excess
outer rows and columns of background pixels which do not intersect the sample
are cropped. For amm x nsize image, this is done by cropping any rows where the
sum of composit pixels in the row is less tharbgmresn*n (an approximation of the
sum of values in one row of the composite imag&, assuming only background
pixels are present), and cropping any columns where the sum of composite pixels
in the column is less tharbgnresi*m. The result of cropping is shown inFigure 5.4

for a particularly challenging image showing grade IV damage. Images with many
small tissue fragments are the most prone to errors using this approach as small
fragments can be mistaken for normal background variation. The original image is
shown in Figure 5.4aand in Figure 5.4b all excess background has been cropped
without cro pping more than a few pixels of tissue at the sample edgde

cropped sample pixels are either part of thestratum corneum which is the only

part of the epidermis that is not deemed important in GVHR, or those located at the
cut edges of the sample, with are prone to artefacts and generally discounted

from the analysis.
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Original RGB Image Cropped RGB Image

Figureb5.4 Effect of the automated image cropping procedure on an image which includes a
number of small tissue fragments.

Prior to thresholding, the colour image is smoothed using a mean filter that
replaces each image pixel with the mean value of its pixel neighbours in each
colour channel. This approach was introduced in Chapter 2, section 2.4.8. The
operation is performed using conwlution with a kernel filter to represent the pixel
neighbourhood (Ksmoothed = K * kernel). Mean filtering reduces variation within the
background and sample pixel sets and facilitates the choice of threshold when
creating the binary sample mask. A new bery imagesMaskis created by
thresholding the smoothed imageKsmoothed. The value of the threshold was based
on bgresh , however sincebgrnresh IS @ measure of central tendency, the actual
threshold used must be lower to ensure the majority of backgrawd pixels fall
below it. Calculation of the appropriate threshold was based on the standard
deviation of the background pixels in 40 smoothed composite images. The value
lay between 1.2 and 3.2, and hence subtracting three standard deviations of the
imagewith the highest standard deviation (3*3.2) frombgtnresh Will mean that

99.8% of the background pixels should be thresholded correctly:

p Qs Q@ zuw®
n b, dQ  7uwd Equation5.4

140



Chapter 9mage Processing and Segmentation

Sample and Epidermal Segmeilivat Method Development
The effect of the changing the parameters in the mean filtering opeiah on the
subsequent sample thresholding was investigated.he effect of the mean filter and
its size on the thresholding operation is shown irfFigure 5.5. A variety of kernel
filter sizes were tested to determine their effect orthe thresholding step. The
figure shows the postthresholding binary masks created after thresholding was
performed with no smoothing, and when thresholding was performed after
smoothing with 9x9, 29x29 and 49x49 mean filtersThese sizes were empirically
selected based on the typical size of vacuoles and clefts in the imaga&hough

more filter sizes were tested, only three examples are shown.

No smoothing, thresh at bgresh -9.6 9x9 smoothing, thresh at bgresh -9.6

"

Figureb.5 Effect of a prehresholding smoothing step ondlsubsequent thresholding
operation. The figure shows the binary mask created by the thresholding operation without

smoothing, and when the smoothing step is performed using a 9x9, 29x29 and 49x49 sized
filter.

The dimensions of the mean filter must be lage enough to smooth the coarse
texture in the lower parts of the dermis and clefts at th®EJso that these features
are included in the sample mask, while still able to prevent the loss of accuracy at
the perimeter of the sampleFigure 5.5 shows that without any smoothing, the

thresholding results in a mask which is very detailed but does not include any
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vacuoles or clefts in the white mask foreground. By smoothing, a simpler mask is
created that includes increasingly more cleftsvacuoles and white regions within
the dermis as the filter size is increased. While mean filters of sizes between 9 and
49 could be used successfully, an intermediate value of 29 was selected. The
rationale for this was that the thresholded masks produce using the 29 x29 filter
had fewer separate objects than when lower order filters were used and improved
segmentation accuracy at the sample perimeter compared to the higher order

filters.

The original RGB image and the image after smoothing with the 2ZB& mean filter
are shown inFigure 5.6. The filtering causes aeduction in variation within the
internal parts of the tissue as a means of facilitating the thresholding of sample and

background pixels. This can beeen as a strong blurring effect in the figure.

In some images the clefts at the DRde very large and the smoothing operation is

not sufficient to include them as foreground objects in theMask. This can be seen
Figure 5.5, where the large clefts appear as black regions within the masktef
thresholding. Mathematical Morphology (Chapter 2, section 2.4.13) is used to fill
OEAOA OEI1AOG6 ET OEA AET AOU OAI PI A 1 AOE
dust or tissue debris a the slide which have been captured during thresholding,

but which are not informative for subsequent analysis. The sequence of operations

used to refine the segmentation is afllows.

A Fill holes - Fills internal regions of background pixels within forgground
objects in the binary image using the MATLABNfill function, an
implementation of morphological reconstruction describedby Soille(1999).

A Remove small objects - Removes foreground objects that consist of less than
25,000 connected pixels. This value was chosen so that the smallest fragments
of tissue typically found in the image set used in this research were not
excluded, but the value was large enough to exclude smaller objects such as

dust or other tissue debiris.
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RGB Image, no smoothing
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RGB Image, 29x29 smoothing

Figure5.6 The effect of a mean filtering steping a 29x29 filter on an RGB image.

5.1.2 Colour Normalisation

The initial optimisation of the following epidermal segmentation method and
parameters was carried out without colour normalisation, however the addition of
this step was found to improve the perfornance of the epidermal segmentation in

terms of sensitivity, specificity and overall accuracy. The relative improvement is
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discussed in the results sectiob.2.5. The mean filtering is used only to facilitate
the segmentation ofthe sample pixels to create theMask. The subsequent
epidermal segmentation uses the original cropped RGB image retaining the fine
resolution of the internal tissue texture. Staining inconsistencies in the input
images are addressed by mapping the histogm for each individual colour channel
of the cropped RGB image to those of a target imadie;, identified as well stained
by an expert histopathologist. Only the sample pixels identified in the appropriate

sMask are included in this colour normalisationstep.

The colour normalisation is performed by application of areyscale

transformation, T, to all the sample pixel intensitiesk, in the image. The pixels are
located using thesMask. A transformis calculated for each colour plane in the RGB
image soas to minimise the difference between the cumulative histograngy , of
the transformed input image intensities and the cumulative histogran® of the

well stained target imagelrer. The function to be minimised is:

O YQ & 1 Equation’5.5
This can be implemented in MATLAB using the functiomisteq(section 2.4.9).

The effect of the colour normalisation on two images with significant differences in
staining and lighting is shown inFigure 5.7. The two original images are shown in
column (a) in Figure 5.7 and the images with the normalised sample pixels are
shown in column (b). The norsample pixels have been changed tehite in Figure
5.7b. The two normalised images have a similar contrast between the epidermis

and dermis, and a similar range of colour hues and saturation.
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a b

Figure5.7 Effect ofcolour normabation on RGB skin images showinvg RGB skin images
before and after colour normalisation with different staining contrast, lighting during
acquisition, overall colour hues, and proportions of epidermis and dermis tissue. The non
sample piels have been changed to white in the normalised images.

5.1.3 Colourspace Conversion

Following colour normalisation in the RGB colourspace, the next part of the
segmentation procedure is a coarse segmentation of the epidermis based on the
thresholding of a high contrast image. A number of colourspaces were investigated
to identify a representation that would maximise the contrast between the
epidermis and the rest of the skin tissue. Those tested includ&RiIGB CMYK(cyan,
magenta, yellow and black) which is basd on subtractive colour mixing HSV(hue,
saturation and value),YCbCr(luminance, blue chrominance and red chrominance)
and theL*a*b* (lightness, red/green, yellow/blue) colourspaces. The contrast
between the epidermis and dermis in each of the colourgze planes was assessed
visually by two independent observers. The two observers, experienced in
identifying the two tissue types, scored each of 20 images a 1 if the contrast was

good and a 0 if the contrast was poor. The results are summarisediable5.1.
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Tableb.1 Visual analysis of dermal epidermal contrast in 5 colourspaces.

RGB HSV YCbCr CMYK L*a*p*
R |[G |[B [H [S [V |[Y [Cb|Br |IC [M |Y |K [L* |a* |b*
Scorer 1 8 6| 8 0 4/ 12/ 8 18 6| 8 2/ O0f 0] 10 6| 15
Scorer 2 8 8/ 8 11} 8| 16 6| 6| 3 9 6| 18
Total 16| 14| 16| O 23| 16| 34| 12| 14/ 5/ O O 19 12| 33

o
o
o
o

0]

The Cbchannel in theYCbCrcolourspace and theb* channel in theL*a*b*
colourspace were selected aghose providing the best contrast between the
epidermis and the rest of the tissue. While this is a fairly subjective method, the
two colour channels selected had significantly better contrast than the others
tested. TheCb(blue chrominance) and theb* (yellow/blue) colour channels both
highlight the blue staining of haematoxylin which stains the nuclei in the cells of
the epidermis. Although there are nuclecontaining cells present in the dermis,
they are few in number. When the contrast enhancementas performed on a
second set of 20 images selected to include images with different damage levels,
staining and lighting levels, theL*a*b* colourspace enhanced the contrast of the
tissue types more successfully than th& CbCrcolourspace. More specificallywhen
the contrast enhancement was performed on the some of the images with lower
overall illumination, the Cbchannel of theYCbCr colourspace did not enhance the
contrast between the epidermis and dermis tissue as much as when the same
procedure was peformed on the images in théd* channel of theYCbCr
colourspace. Theb* plane of theL*a*b* colourspace was therefore chosen for use
in the algorithm due to its ability to show contrast between epidermal and dermal

tissue despite differing levels of illumnation.

It was noted that during optimisation of the subsequent contrast enhancement
(section 5.1.4) and thresholding (section5.1.6) stages that a contrast enhanced
greyscale image () could provide useful additional information to theb* colour
channel. More specifically, the contrast enhancegteyscale images displayed good
contrast in the few images where thé* colour channelwas displaying poor

contrast. The images showing poor contrast of thepidermis in the b* colour

channel tended to have weak nuclear staining by haemotoxylin, which appears as a
strong blue/purple colour and therefore stands out in this yellow/ blue colour

channel.The complement image of thgreyscale representation highlidgnts more
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intensely stained areas, but is not specific to a particular colour. It therefore tends
to highlight both the pink cytoplasm and blue nuclei in the epidermis which are
usually stained more intensely than the dermis tissue. When testing a set &f 2
Images, the image variation meant that in different images the epidermis was
highlighted best in either theb* or the Gimage, it was therefore decided that a
combination of the data in thegreyscale andb* images could be used to enhance

the robustnessof the following steps.

5.1.4 Contrast Enhancement

Contrast enhancement was applied to thb* and the Gimage to increase the intra
class variance of pixels in the epidermis and dermis. A linear transformation
preserving the intensity histogram shape differencavas selected (see section
2.4.9, equation 2.3). Only sample pixels were included in the contrast enhancement
process, as the aim was to maximise the contrast between the dermis and
epidermis, and background pixels are not relevant to the rest of the pross.
Remapping a narrow, more specific band of intensities was investigated to try to
improve the contrast. When tested manually using a variety of absolute intensity
levels as penetration points, the optimal intensity band for remapping to enhance
contrast of the epidermis varied significantly for different images. This issue was
addressed by determining penetration points based on the cumulative percentage
histogram so that a set percentage of low and high intensity pixels were saturated
in the final image Removing a percentage of low and high pixel intensities is a
better way of handling any remaining staining variation and pixel intensity outliers
than choosing absolute intensity levels, and the approach was used on both tite
and greyscale image plans to create new contrast enhanced imaged, and' 5
The optimal values for the upper and lower penetration points for the G and b*
images were determined using a Design of Experiments approach. This
optimisation is described in detalil in section5.2.3 The usual @z 255 intensity scale
is changed to a mapping from 0O to 1 for these steps as this is a requirement to
perform these operations in Matlab. The optimal values determined in the DoE

study are used in theremapping functions:
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cag OO0 ?)Tpﬁ%xT é&ﬁ, ™ XTO Equation5.6
e 'O .,p:: TP[8 — si T8 TOT Equation5.7

Following the contraO O AT EAT AAT AT Oh OEA Oxi EI ACAO
using an averaging mean filter, as described for sample segmentation in section

5.1.1 The operation is performed using convolution with a kernel filter to

represent the pixel neighbourhood 4. . < |.ﬂ z kernel). This has the effect of
reducing variation within the sample pixels and smoothing minor variations within

the epidermis and dermis regions. This reduction in intraclass variation in the

epidermis and dermis pixel sets wasought in order to emphasise the interclass

variation and facilitate the choice of threshold (sectiorb.1.6).

The size of this smoothing mean filter was optimised using the Design of
Experiments study described in sectiorb.2.3 Based on the optimisation a mean
filter size of 40x40 (where each element is 1/(40*40)) was chosen during the

optimisation.

5.1.5 Linear Combination

Once the colourspace conversion and contrast enhancement of both images has
beenperformed, the information from both must be combined in a single image to
be thresholded to create a binary image. The binary image (sometimes referred to
as a mask) contains information on regions of interest; in this case it will identify
the location of epidermis pixels and norepidermis pixels. A set of 30 images was
used to assess the effect of different weightings in the linear combination and to
find a threshold value. Three different linear combinations of théwo enhanced

and smoothed image$ @&ndA dveretested( 2+ A8 A.5+A[.5 and' &

A R) before each was thresholded at 100. Using a qualitative visual assessment, an
equal addition of the two images was found to result in good and specific
segmentation of the epidermis for the highst number of images. The optimal
combination is very much dependent on the staining properties of the individual

image and it was decided that detailed optimisation using an image subset was
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unlikely to prove useful. These parameters were not therefore ingded in the DoE

optimisation.

The equal weighted linear combination applied to the two enhanced and smoothed

images' @&ndA & create a new imageGbis given as

17t @ g ™ e Equation5.8

Combining the two images captures both staining intensity and colour information

in a singlegreyscale image. The effect can be observedkigure 5.8.

In image 1 offFigure 5.8 the greyscale image shows good contrast between the
epidermis on theright edge of the sample and the dermis. The b* colour channel
contains regions of high intensity in the epidermis and internal regions of the
dermis. Combining the two colour channels retais high intensity in the epidermis
and results in lower intensity and reduced intraclass variance in dermis. In image
2, the b* colour channel shows the whole of the epidermis as high intensity,
whereas thegreyscale image does not have high intensity iepidermal regions
which are not stained as intensely (indicated by green arrows). A similar
difference can be seen in image 3. It is important that these regions of less intense
staining are included in the epidermal mask as they are often areas with sifjnant
vacuolisation or cleft formation. Although the difference between thgreyscale

and b* colour channels varies between images, a general effect is that the
combination of the two data sources has the effect of cancelling out some of the
intra-classvariance, an effect that helps to maximize inteclass variance and

facilitate the subsequent thresholding step.
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Image 1
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Figureb.8 Effect of linear combination of three setsgoéyscale and b* images.

5.1.6 Thresholding

&I 11T xETC Ai11T060 1101 Al EOGAOGETT AT A AlT1 OO,
thresholding method (section 2.4.12) was applied to determine the optimal

threshold based on the intensity distribution of sample pixels in the combined,

enhanced imageGBS The Otsu method uses discriminant analysis to determine a
threshold, t, which maximises the separability of two pixel classes by minimising

the intra-classvariance. In this process, the aim is to maximise the separability of
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the dermis and epidermis pixel setsGBiis converted into a binary imageBW,
using the threshold,t. Any nonsample pixels are changed to black (as
background):
| =& i gg IE Z Equation’5.9
Figure 5.9 shows a histogram of a typicaGBimage. The method assumes an
approximately bimodal distribution. The Otsu threshold,t, attained using the
method described in section (section 2.4.12) is labelled in the figure at the
intersection of the upper and lower intensity components. The threshold does not
intersect at the valley of the two intensty peaks, but at a mid grey level of 137.
The higher intensity pixels (between 215255) represent the cell nuclei, which are
mainly found in the epidermis, however the cytoplasm and weakly stained nuclei

are also above the threshold in this case.

x 10

25 -

]
I
1

Otsu Threshold at 137

Frequency

-y
o

0.5

Nt

0 25 50 75 100 125 150 175 200 225 250

Gray Level
Figue 5.9 Histogram of enhanced additive image showing Otsu threshold.
5.1.7 Morphological Processing
Morphological processing is used to further process the binary imagBW, by
removing small misclassified objects sch as groups of cells within the dermis,
merging multiple objects, inilling holes and closing gaps. These operations are
applied to the whole image, however once the operations are completed, any Ron

sample pixels which may have been affected are reved to black. The sequence of
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operations summarised below is used to refine the segmentatioithe choice of

structuring element size (radius = 6) for the morphological closing and opening

steps was optimised based on the final sensitivity anspecificity of the algorithm

as described in sectiorb.2.3 A disk shaped structuring element was used as this

shape reflects biological structures more accurately than sharp angles or linear

shapes.

A

Morphological closing - Morphological closing (dilation then erosion)

enlarges the boundaries of foreground (bright) objects in the image and closes
gaps between them, and shrinks backgrounrdoloured holes in the foreground
objects. A disk shaped structuring element witmadius = 6 pixelss utilised.
Morphological opening - Morphological opening (erosion then dilation)
removes some of the foreground (bright) pixels from the edges of foreground
objects, breaking fine bridges between objects while preserving the object size.

A disk shaped structuing element with radius = 6 pixelss utilised.

Steps 1 and 2 combine to smooth the objects edges without changing the size of

objects. Smooth object perimeters are more reflective of the tissue edges seen in

the real images.

A Remove small objects z Removal of foreground objects that comprise fewer

than 4000 connected pixels. The threshold of 4000 pixels was selected based
on the number of pixels contained within the regions of dermis identified
incorrectly as epidermis objects prior to this step. The majaty of correctly
identified epidermis regions at this stage included more than 4000 pixels.

Fill holes z In-fills internal regions of background pixels within foreground
objects in the binary imagethat comprise fewer than 7000 connected pixels. A
threshold is required as in some images there are regions of dermis tissue
surrounded by epidermis tissue (due to tissue slicing technique) and if these
regions are filled the specificity of the final algorithm is compromised. Again
the value was selected basedn the typical size of enclosed dermis regions

within the epidermis which were misclassified.
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5.1.8 Object Classification
Following morphological processing, the binary maskBW, includes objects that
are not part of the epidermis. These include collections oells within the dermis
that have a similar appearance to epidermis tissue and parts of the dead surface
layer, the stratum corneum which can be segmented with the epidermal tissue in
cases where it is highly stained. For each obje, the object areaZarea, and the
AOAA 1T &£ OEA 1 AEZAMES de datérdined (ot definidoh, Bde

section 2.5.1). The ratio 0Zarea to ZsoundBoxgives the extent Zextent, Of the object:

@ Equation
@ 5.10
The Zarea and Zextent can both be used to classify the remaining objects as either
epidermis or non-epidermis. While the area provides information on region size,
the extent is a shape based measure thean differentiate between the long thin
objects of the epidermis and the more compact, circular clusters of cells within the
dermis. Including the area measurement prevents very small regions being

classified as epidermis.

The thresholded objects are eher retained or removed based on their area and
extent and hence the impact of adjusting the area and extent thresholds on the
sensitivity and specificity of the algorithm was investigated. The two thresholds

are critical values, and the exact values wemetermined in an optimisation study
described fully in Section5.2.4. The values used in this classification were
determined once all the other critical parameters had been set. The parameters
determined first were the upper ard lower histogram penetration points used for

the greyscale and b* contrast enhancement, the size of this smoothing mean filter
used after the contrast enhancement, and the size of the SE used for morphological
processing after thresholding. Based on theptimisation, the following

classification rule was used to classify each object pixel,in the binary mask:

g Pl andsod ™ hod CTMTTT Equation
i T Qai Q 511

where z are the pixel elements in the objecZ
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The final binary mask showing the location of the epidermis pixelgMask, is the
image,BW, which has been morphologically processed using the steps in section
5.1.7, and then subjected to futher processing by the conversion of any pixelg, to

either 1 or O based orEquation5.11.

5.1.9 User Interaction

The object classification step can be used to fine tune the specificity and sensitivity
of the final algorithm, howeverthe algorithm also includes the option for the user
to interact with the programme and select or remove objects in the final epidermis
mask. Epidermis segmentation is critical to the performance of the subsequent
steps in the skin damage classification mcess and hence this optional interaction
step is included to improve the performance of the algorithm if required. It is
relatively straightforward for a user to determine whether a given object is part of
the epidermis when shown next to an image of thRGB image. This is confirmed by
the expert histopathologists at Alcyomics, who agree that identifying epidermis
and dermis tissue can be mastered by a neexpert after a short period of training
looking at a selection of skin images. The user has the aptito (1) approve the
object selection, (2) remove objects that are incorrectly classified, or (3) select
additional objects, which were removed during the object classification step
described in section5.1.8 For a fully autanated process, this step can be excluded.
The effect of the user interaction step on algorithm performance is given in section
5.2.5

5.2 Epidermal Segmentation Optimisation and Evaluation

This section first describes the optimisaibn of six key parameters in the epidermal
segmentation algorithm. They are the upper and lower histogram penetration
points used for the' &ndA @ontrast enhancement, the size of this smoothing
mean filter used after the contrast enhancement, and thezg of the SE used for
morphological processing after thresholding. Following this optimisation, the
performance of the final epidermis segmentation approach was evaluated with and

without the optional user interaction step.
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The optimisation and finalevalA OET 1T xAOA DPAOA&AI Oi AA OOET C
created through the manual markup of the epidermis in a set of images made up
of equal numbers of grade I, 11, lll and IV images with varying staining and lighting.
The 40 image set included 25 images usédr the initial optimisation and an

AAAEOETT Al puv OOAI EAAOEIT T 6 EIAGCAO &£ O A0,

Before the optimisation and evaluation is described, the procedure for generating

the ground truth images and performance metrics is given.

5.2.1 Generation of a Ground TrutBata set

The manual markup was achieved by drawing the boundary of the epidermis onto
the original RGBimages in green with the aid of a graphics tablet (Wacom Bamboo
Fun S Pen and Touch Digitiser). The high colour contrast boundary was easily
identified using a thresholding procedure on the red channel of the RGB image. The
outlined regions were flood-illed with a morphological reconstruction algorithm
implemented using the MATLAB functionimfill. Thestratum corneumthe

epidermal surface layer which ppears as a looser collection of flaky layers was
excluded from the manual epidermis markup as it consists of dead cells that do

not provide useful information about the state of damage in the tissue. Evaluation

of the segmentation procedure was undertake by comparing the area of the
algorithm-OACi AT OAA APEAAOI EO xEOE OEA OOO0OO0OAG

manual segmentation.

5.2.2 Performance Metrics
The total number of pixels identified as part of the epidermis in the manual mark
up and generated segmetation mask, and the total number of pixels in each image

were used to determine:

True positive z Epidermis in mark-up, epidermis in generated mask.
True negativez Not epidermis in mark-up, not epidermis in generated mask.

False positivez Not epidermisin mark-up, epidermis in generated mask.

> > > >

False negativery Epidermis in mark-up, not epidermis in generated mask.
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The total pixel number in the image was based on the cropped image, to avoid an
excessive number of background pixels skewing the results. Bhi the case
because although both background pixels and dermis pixels are n@pidermis
pixels, the background pixels are more likely to be classified correctly as non
epidermis pixels than dermis pixels due to the simple segmentation of background
and sample pixels. IfAsand A represent the pixel sets identified as epidermis by
the algorithm and manual methods respectively, the various fractions can be

calculated as follows:

"0 all @WQM 6 Qb Q 04 QY H 10Q 00 Equation 5.12
OGO al €0 QAL '@ . 0d OQQO IBQW Equation’5.13
Yi @@ i QEYAL @ . 6 Equation5.14

Yi OMQOOAD 'Q 'O 0 QQ0 10Qw 'O ®'QQO6 10Qw Equation5.15

These fractions were used to calculate thpercentage sensitivity, specificity and
accuracy of the automated segmentation for each image by comparing the
algorithmic method to manual segmentation. The three metrics were calculated as

follows:

"YG
YOE i Q6 Qi . _— . _
Q\%Qeé%a p Equation 5.16
nY‘ .Q o .Q.‘Qu ol la’,Yl’\') ’ E t 5 17
(A - T )
n 9.%96668 p quation
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0 0 Qi &XGO | cu,;,(ﬁu pTT Equation5.18

00 00 "YU

In combination, the three metrics provide an indication of the performance of the
segmentation algorithm. Sensitivity is a measure of the algorithms ability to
identify epidermis pixels, while specificitymeasures the ability to identify non
epidermis pixels. In the skin explant assay, a balance between sensitivity and
specificity is required. Typically an increase in one will lead to a decrease in the
other. The accuracy measurement combines the two méts within one
measurement, and quantifies the percentage of pixels correctly classified as

epidermis and nonepidermis when compared to manual segmentation.
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5.2.3 Optimisation of Algorithm Parameters
The six key parameters in the algorithm were optimised by escuting the
algorithm without user interaction and assessing the effect that changing their
values had on the mean sensitivity and specificity. The sensitivity and specificity
were calculated as described in sectioh.2.2 Thealgorithm was optimised using
25 of the H&E stained skin sections. The optimisation was carried out using a
Design of Experiments (DOE) approach using the software program MINITAB
v16.2.4. This approach was adopted so that the interaction between the vau®
parameters could be assessed. Initially avel Fractional Factorial design was
used to screen the six parameters (called factors in DOERactorial designs change
two or more factors in a singleexperiment and they are used to determine the
effect of multiple variables on a single response, or output. A full factorial study
investigating six factors at two levels would require 2, or 64 experiments (or in
this case algorithm executions). Fractional factorial experiments usecarefully
prescribed andrepresentative subset of a full factorial design to reduce the
number of experiments required.A Resolution IV design was utilised, in which ¥4
of all possible factor combinations were tested. The design included 16
experiments wherethe six factors were séat high or low levels, and one with the

factors set at the midpoint between the low and high levels (called a centre point).

The high and low levels were selected by iteratively changing each factor on a set
of 20 images and assessing the outcome vislyalFor example, for theA énage
penetration points were selected to accentuate the blue/ purple pixels of the
keratinocyte cell nuclei within the epidermis, while the' @mage values were
selected to highlight the whole of the epidermis including the cyiplasm and cell
membranes. The upper and lower size limits of the smoothing mean filter were
selected to reduce in variation within the epidermis and dermis pixel sets.
Morphological processing using the SE aims to smooth object edges to create a
more biologically meaningful representation. To do this, the upper and lower size
limits of the structuring element (SE) were set by measuring the pixel dimensions
of cells within the tissue imagesFigure 5.10 shows the dimensions of nornal and
vacuolised cells within the epidermis and maximum and minimum values chosen

to cope with biological variation.
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Figure5.10 Enlarged sections of images showing H&E stained epidermal cells. The arrows
highlight the diameter of normal and vacuolised cells

Each set of experimental conditions was used to test epidermal segmentation on
25 images. The values of the factors used for an initial screening run and the mean
sensitivity and specificity of epidemal segmentation for the 20 images are shown
in Table A inAppendix B. The best performing sets of factors were identified in

runs 2, 11, 15 and 16, which all had sensitivity values of > 73% and specificity

values of > 97%. These runs are starred in ther$t column of Table A

The effects and coefficients of the main effects and interactions were analysed to
determine the relative strength of the factors (the effect is two times the

coefficient). The effect data is shown ifTable5.2. The factors with effects of the

greatest magnitude (positive or negative) have the greatest effect on the

responses. Varying the factors within the range tested had a small effect on

specificity with all of the runs resulting in speciicities of between 93% and 99%.

The effect of the factors on sensitivity was much greater. The B term, which is the
OPPAO OEOAOEIT A £ O Ai 1 OOAOO AT EAT AAIT AT O
on both specificity (1.99) and sensitivity (21.85), incrasing both outputs when set

at the higher level. The next most important effects on sensitivity were the positive
AEmAAO 1T £ ET AOAAGET ¢ ' j OEA 11T xAO '8 OEO.
F (the size of the SE). The most important interactionfiects on sensitivity were

A*B and A*D.The sensitivity model had an Rvalue of 99.45% and the specificity
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model had an Rvalue of 96.08%. This measuréescribes the amount of variation
in the observed response values explained by the factors in the mddthe high

values indicate the models explain the data well.

Table5.2 Effects and Coefficients for Factors and Interactions in the Sensitivity and Specificity
Screening

Term Factor Description Spedficity Effect Sensitivity Effect
Constant

A Lower penetrationD 1 ET OH -0.69 13.30
B Upper penetraton® 1 ET OR 1.99 21.85
C Lower penetrationD 1 ET OH -0.62 1.52
D Upper penetrationD 1 ET OR 0.12 0.95
E Mean Filter Kernel Size -0.08 6.50
F Radius of SE 0.86 -13.71
A*B Interaction of FactorsA and B | 1.31 -4.89
A*C Interaction of FactorsA and C | 0.32 -1.05
A*D Interaction of FactorsA and D | 0.14 491
A*E Interaction of FactorsA and E | 0.05 -0.03
A*F Interaction of FactorsA and F | -0.30 2.82
B*D Interaction of FactorsB and D | -0.28 0.27
B*F Interaction of FactorsB and F | -0.86 2.12

The p-values in the analysis of variance table were used to find the statistically
significant effects. Considering the interaction effects first, none of the interactign
had p-values lower than the threshold of 0.05 usually used to indicate significance.
The interaction effect pvalues were between 0.086 and 0.919 for specificity and
between 0.094 and 0.989 for sensitivity. For the main effects, only factor B hada p
value < 0.05 for specificity and factors A, B and F haevalues < 0.05 for

sensitivity.

The results of the screening study indicated that only faots A, B and F were
significant, however afeature of fractional factorial designs is the presence of
confounding, which means that one or more of the effects cannot be estimated

separately from each otherand are said to be aliased. In thResolution 1V design
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usedthe main effects are confounded with threewvay interactions and two-way
interactions are confoundedwith other two -way interactions. For example, it
cannot be determined whether an effect is due to factor A or the combined effect of
factors B, C and DIt was decided that a more detailed experiment was required to
investigate interactions given the potatial confounding masking complex
interactions. The screening study indicated that factor B should be set at the higher
level and as the value of 1 used for the upper threshold was the highest possible,

this factor was fixed in the optimisation study.

A more detailed optimisation was undertaken on factors A, C, D, E and F, fixing the
upper grey threshold (factor B) at the higher value of 1, but varying the other five
factors using a Response Surface Design. This type of design allows the
optimisation of one or more outputs which are influenced by several independent
variables (factors). The ability of this desigrio detect curvature (nonlinearity) in

the responses means it can be used to find the factor settings which optimise the
responses. This second ophisation considered additional levels and

combinations, including extreme points to investigate the relationship between the
factors, including possible interactions and curvature in the data. A Central
Composite Design was selected that uses the two lév¥actorial design as a base
with additional axial points to investigate extreme conditions and centre points to
enable curvature and second order responses to be investigated. A representation
of the initial cube points, the centre point and the axial paits is shown inFigure

5.11 for a two factor, two level study.
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Figure5.11 Representation of box, centre and axial points @eatral Composite Design

A full quadratic response surface model was fitted to the data using MINTAB.
Considering specificity first, the significant square and interaction terms (with p
values < 0.05 in the Analysis of Variance table) were E*F, A*A, E*E and F*F and the
significant linear terms were A, C, E and F. In the coefficients table the interaction
term E*F had a pvalue of 0.000, the squared terms A*A, E*E and F*F had@ues
of 0.001, 0.000 and 0.009 respectively, and the linear terms A, C, E and F had p
values of 0.000, 03, 0.000 and 0.001 respectively.afiance inflation factors

(VIF) can be used to evaluate correlation between factors. Vikdlate the variance
of the coefficients and although theoretically a VIB 1 could indicate correlation
between factors, in pratice values < 5 tend to indicate that the estimation of the
regression coefficient is acceptable. All VIF values were between 1 and 2, giving

reasonable confidence in the results.

For sensitivity the significant square and interaction terms (with pvalues> 0.05 in
the Analysis of Variance table) were A*F, C*E, E*F, A*A, E*E and F*F and the
significant linear terms were A, C, E and F. In the coefficients table the interaction
terms A*F, C*E, E*F had-palues of 0.000, 0.037 and 0.000 respectively, the
squared terms A*A, EE and F*F had pvalues of 0.000 0.000 and 0.000
respectively, and the linear terms A, C, E and F haeralues of 0.000, 0.007, 0.000

and 0.000 respectively All VIF values were between 1 and 2.
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Squared and interaction terms which were inggnificant for both specificity and
sensitivity were removed sequentially, starting with the term with the highest p
value. This process was performed sequentially as the significance of terms can
change as insignificant terms are removed and the model beoes more accurate.
After all the squared and interaction terms with pvalues > 0.05 had been removed

the following terms were still included in the model:

A LinearzA,C,D,EandF
A Squaredz A*A, E*E and F*F
A Interaction z A*E, A*F, C*E and E*F

The only indgnificant term remaining was the linear term, D, which had a{value
of 0.822, and so this term was removed. The final regression equations for

sensitivity and specificity were:
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The models for specificity and sensitivity were analysed next. For sensitivity, the
R2 value showed that 95.67% of the vaation in specificity was explained by the
model. The predicted R highlights potential overfitting when it is much lower than
the R and it was 88.66% for sensitivity, which indicates a good model. For
specificity, the R value showed that 91.02% of the ariation in specificity was
explained by the model, however the predicted Rwvas 20.07%. This may indicate
that the model requires further simplification, however it is not of great concern as
specificity was varying within the small range of 95.29% and 924%. The more
important consideration was to find conditions which increased sensitivity, which

varied between 48.56% and 81.44% during the optimisation runslTable 5.3 shows
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the effect of each term in the final model on sensitity and specificity. The
magnitude of the effect is greater for sensitivity, and the most influential effects are
A, E and F which also show curvature and interaction. The magnitude of the effects

on specificity is much smaller.

Tableb5.3 Effect of each term in the final model on sensitivity and specificity

Term | Factor Description Sensitivity Effect | Specificity Effect
A , T xAO PAT AOOAO|5.81 0.89
C , T xAO PAT AOOAOH 184 -0.30
E Order of Mean Filter kernel 4.95 0.53
F Radius of SE -11.87 -0.29
A*A Curvature of A -1.80 -0.50
E*E Curvature of E -1.90 -0.36
F*F Curvature of F -3.87 -0.31
A*E Interaction between A and E -0.77 -0.06
A*F Interaction between A and F 2.96 0.02
C*E Interaction between C and E 0.87 -0.02
E*F Interaction between E and F 3.00 0.53

Residuals show the difference between observed and fitted response values and
trends in residuals can indicate if underlying assumptions of the model have been
satisfied andhighlight problems with the model.Figure 5.12 and Figure 5.13 show
four residuals plots for the sensitivity and specificity models respectively. The
normal probablility graph plots the actual residualsversus their expected values
when the distribution is normal; it can highlight non-normality, skewness, outliers
and unidentified variables. A normal distribution is an underlying assumption of
this analysis, however some deviations are typical. The histagm of the residuals
shows their distribution and provides information on the spread, variation and
distribution of the data and can be used to identify unusual values or outliers. The
plot of residuals versus fitted values is used to look for constant veance, another
assumption of this analysis, which should result in residuals scattered randomly
around zero. This plot can also be used to highlight missing higher order terms,

outliers or influential points. Finally, the residuals are plotted versus run aler.
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This plot is useful for identfying systematic effects in the data over time or data
collection, and is particularly useful if runs are not randomised. In this analysis the

runs were not randomised because they were being run automatically on a

computer, and the same conditions run at a different time would always give the

same result.
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Figure5.12 Residuals plots for model of key factor effect on mean sensitivity
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Figure5.13 Residuals plots for model of key factor effect on mean specificity.
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For sensitivity, the normal plot shows curvature at the tails, which could either be
normal variation or indicate skewness. The histogram shows that skewness iseth
most likely explanation, as the distibution of residuals is skewed towards positive
residuals. The residuals versus fits shows that while the positive residuals are
spread evenly across all fitted values, the negative residuals occur mainly at higher
fitted values. For specificity, the residuals plots indicate a normal distribution,
constant variance, and an even spread of residuals versus fits. The plots also
indicate that there are two outliers with higher residuals. These two runs used
extreme conditions for factor A and factor F, with each factor at a particularly low

level in one of the runs.

The models are not a perfect representation of the epidermis segmentation
algorithm, however they were used to estimate optimal settings for the factors
which were then tested in the algorithm.The Response Optimiser in MINITAB was
used to find the optimal set of parameters. This algorithm is based on a reduced
gradient approach with multiple starting points to identify the combination of

input values that maximse the desired response.

The optimiser identified the combination of factor settings that would maximise
both specificity and sensitivity, using the two regression models. The sensitivity
was given a higher importance than the specificity, which ensuratihad greater
influence on the final measure of composite desirability. This measurement
combines the desirability of both sensitivity and specificity, and weights the
combination according to the importance set. The suggested optimal value for each
of the four parameters and the range that was tested in the screening and

optimisation study is shown inTable5.4.

Table5.4 Range tested and optimised values for the four factors indligi¢he model

Factor Low level [ High level Optimised level
, T xAO DAT AOOAOE|0.0723 0.350 0.2743

, T xAO DAT AOOAOQE|0.0466 0.4034 0.4034

Order of Mean Filter kernel 15 65 40

Radius of SE 5 30 6
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The models indicate that if tke algorithm was run with these four optimised
parameters, a sensitivity of 81.4% could be achieved with 95% confidence limits of
79.8% and 83.0%, and a specificity of 97.5% could be achieved with 95%
confidence limits of 97.3% and 97.8%kigure 5.14 contains three plots for each
variable. The plots in the top row indicate how the composite desirability changes
with each factor in the model, the plots in the second and third row indicate how
the sensitivity and specficity change as each factor is varied. The differing impact
of the factors on sensitivity and specificity can be seen. An interesting observation
EO OEAO EAZ OEA 11T xAO0O A6 OEOAOEI T A ET AOAA
decrease in specifiity. It may be possible to tune the algorithm sensitivity and
specificity using this parameter. The effect of the importance value set for the
different responses can be seen iRigure 5.14, in cases where the ojpinal setting
I &£/ A EAAOT O O | AgEi EOA OA1T OEOEOEOU AT A

threshold, labelled B Low), the value is set to maximise sensitivity.
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Figure5.14 Optimisation plot for ke parameters to maximise sensitivity

For the final implementation and evaluation of the epidermal segmentation
Al ¢cT OEOEI OEA ODPPAO OEOAOEITIT A OOAA ET OE,

set at the upper level of 1 as indicated by the screening studgsults. The upper
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threshold of the b* contrast enhancement was deemed insignificant in the
subsequent optimisation study, but it was set at the higher level of 1 as

sensitivities tended to be slightly higher.

5.2.4 Optimisation of Object Classification Rules

The algorithm was further enhanced by optimising the object classification rules
described in section5.1.8 These rules are completely dependent on the output
from the previous parts of the image processing and segmentatioriqress. They
were not included in that optimisation as they would require impractically large
factor ranges to be tested. Using the 25 image test set and optimised parameters
from section5.2.3 the algorithm was run without user interaction varying the area
threshold between 15000 and 100000 pixels and the extent threshold between
0.36 and 0.46 in a full factorial design. The values included in the optimisation
were determined based on the typical extent and area of epidermidbjects
(measured manually) after all prior processing steps had been completed on the
25 image test set. The resulting sensitivity and specificity measurements are given

in Table5.5 and the data is displayed as a contour plot iRigure 5.15.

The response optimiser and models indicated that the optimised factors should
result in sensitivities of ~ 81.4% (x1.5) and specificities of ~97.5% £0.3). In this
study the object classification thresholds were sedit 0.36 (extent) and 80000

(area), based on typical sizes and extents of objects in previous experiments. When
tested at these conditions the sensitivity was 79.4% and the specificity was 97.3%,
as shown inTable5.5. This result shows the model gave an accurate prediction for
specificity and slightly overestimated sensitivity. When the object classification
thresholds were varied in this study the sensitivities varied between 75.0% and
87.0% and the specificitiesvaried between 95.3% and 97.4%.

The contour plot (Figure 5.15.) is darker in colour when the sensitivity or

specificity is higher. The plots shows that decreasing the area threshold and
increasing the extent threshold improve sensivity, however some combined
settings which result in improved sensitivity do this at the cost of specificity. As the
specificity was greater than 95% for all runs the aim with this optimisation was to

try and increase sensitivity. An extent threshold 00.44 and area threshold of
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20000 were chosen to improve thesensitivity (86.9%) and maintain high
specificity (95.3%). These settings do this by reducing the number of objects that
are removed during the object classification stage, but ensuring that theshat are
retained have a high probability of being epidermis objects based on their shape

and size.

Tableb.5 Effect of the tested area and extent thresholds on algorithm sensitivity and specificity

Extent Thresh Area Thresh | Mean Specificity | Mean Sensitivity
0.36 60000 97.32 76.39
0.38 60000 96.29 80.59
0.4 60000 95.94 82.76
0.36 80000 97.34 79.39
0.38 80000 96.35 80.59
0.4 80000 96.00 82.76
0.36 100000 97.40 74.98
0.38 100000 96.41 79.18
0.4 100000 96.07 81.36
0.42 60000 95.75 83.63
0.42 80000 95.86 82.76
0.42 100000 95.92 81.36
0.44 40000 95.66 86.10
0.44 60000 95.75 84.78
0.44 80000 95.85 83.91
0.42 40000 95.72 84.95
0.44 20000 95.34 86.94
0.4 40000 96.34 84.34
0.38 20000 96.26 82.67
04 20000 96.18 84.85
0.42 20000 95.99 85.79
0.43 30000 95.59 85.71
0.46 20000 95.31 86.94
0.44 15000 95.32 87.00
0.43 18000 95.44 85.79
0.43 23000 95.48 85.71
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Figure5.15 Contour plot of the effectfarea and extent object classification thresholds on
mean sensitivity and specificity for segmentation of epidermis.

5.2.5 Final Performance Evaluation for Epidermal Segmentation

The optimised parameter values and final method were tested on a new set of 40
images with associated manual markips, both with and without the user
interaction step. This image set included the 25 images used for the optimisations

and an additional 15 images which were used a validation set.
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When this final evaluation was performedt was noted that some of the unseen
images had significantly lower sensitivities and that these images had unusual
lighting or staining colour profiles. Figure 5.16 shows three images for which
sensitivities of less than 60% were achieved (A, B and C) aade image (D) with

good staining and contrast for which a sensitivity of 81% was achieved.

In Figure 5.16, images A, B and C have poor contrast between the epidermis and
dermis, image B is also weakly stained and image C has a slightly altered colour

cad, potentially due to the illumination level during image acquisition.

A

Figure5.16 Four H&E stained images showing varying staining and lighting. A, B and C had
sensitivities of < 60% and D had a sensjtioft81%.

To address this issue, a colour normalisation step was added (sectibri.2) and

the 40 images were retested with the new colour normalisation step both with and
without the user interaction step.Table 5.6 shows averageaccuracy, sensitivity

and specificity for the training set of 25 images, the test set of 15 images and the
average for the whole 40 image dataset. Theéamdard error of the meanand

minimum for each metric is also givenThestandard error of the mean takes into
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account both the standard deviation of the dataset and the sample size and is

calculated thus:

YO WE CANIT'E BMO QD EYOD # Equation 521
€
where ,, is the population standard deviation andh is the sample size. The SEM
tends to decrease as the number of samples in the dataset increases. It is an
informative measure in this case because the samples size of the training and test

setare different.

Table5.6 Summary of statistics for accuracy, sensitivity and specificity performance metrics

No User Interaction With User Interaction
c Spec Sens Acc Spec Sens Acc
o
= - Mean 95.34| 86.94| 93.89 96.99 88.26 95.64
& | Training
T set SEM 1 2.04 1.08 0.73 1.55 0.84
% (n=25) | Min 70.91| 48.32 71.56 76.79 61.35 77.18
= Mean 97.11 80.28 94.26 97.47 89.23 96.43
% Test set | SEM 0.39 4.07 1.01 0.22 0.87 0.29
© | (n=15) | Min 90.68 0 72.69 94.27 80.29 92.74
é Mean 96 84.44 | 94.03 97.17 88.63 95.93
’g All SEM 0.83 2.96 1.04 0.59 1.33 0.69

(n=40) | Min 70.91 0 71.56 76.79 61.35 77.18

No User Interaction With User Interaction

Spec Sens Acc Spec Sens Acc
_§ Training Mean 97.69 91.79 96.75 98.14 | 92.87 97.25
2 set SEM 0.29 1.32 0.37 0.25 1.07 0.36
£ | (n=25) | Min 91.43 68.6| 88.11| 94.15| 75.63| 88.41
= Mean 97.7 85.32 95.96 97.63 87.76 96.13
§ Test set | SEM 0.22 2.25 0.34 0.2 1.32 0.33
§ (n=15) Min 94.7 43.17 91.66 94.7 74.75 91.66
= Mean 97.69 89.37 96.45 97.95 90.95 96.83
= All SEM 0.26 1.77 0.36 0.23 1.22 0.36

(n=40) | Min 91.43| 43.17 88.11 94.15 74.75 88.41

Considering all 40 images, with no user interaction, the addition of the colour

normalisation step increases the specificity by 1.69% and the sensitivity by 4.93%,
resulting in a mean accuracy increase from 94.03% to 96.45%. The impact of the
colour normalisation step is particularly apparent when the minimum sensitivities

and specificities in the image seare examined. Whereas without colour
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normalisation one image had a sensitivity of zero, the worst performing image
with colour normalisation had a sensitivity of 43.17%. Normalising staining
intensity ensures even very weakly stained epidermal tissue cdwe correctly

identified and segmented.

A comparison of the training and test set data with and without user interaction is
presented as a boxplot ifFigure 5.17. The boxplot defines the median,
interquartile range and highlights autlying results, i.e., those that are more than 2.7

standard deviations beyond the mean.

There is a slightly reduced sensitivity in the test set (85.32%) compared to the
training set (91.79%), as well as an increase in interquartile range and range of the
test set compared to the training set. The difference in test and training set is
slightly less when the user interaction step is included (87.76% compared to
92.87%). Overall the training and test sets are similar which suggests that the
model developedusing the training set was not overfitted, and the optimised

values parameters are likely to be valid for new image#cross the whole dataset

of 40 images, including user interaction, the mean specificity is 97.95%, mean
sensitivity is 90.95% and mean aaaracy 96.83%. Without user interaction, the
mean specificity is 97.69%, mean sensitivity is 89.37% and mean accuracy 96.45%.
The user interaction step improves the algorithm by reducing the level of
variability. More specifically, the standard error of themean sensitivity for the test

set reduces from 14.2 to 8.4 when the user interaction step is added.
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Figure5.17 Boxplot of specificity, sensitivity and accuracy for epidermal segmentation in

training ard test setg with and without user interaction

The six worst segmentations in the dataset of 40 had sensitivities of 78% and

these were not specific to a particular class of damage with two grade |, two grade

II, one grade Il and one grade I\Figure 5.18 shows boxplots for specificity and

sensitivity grouped by grade of damage.
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Figure5.18 Boxplots showing effect of damage grade on specificity, sensitivity and accuracy of
epidermal segmentation.

From these results, it can be observed that there are small differences between the
data, but no major differences. The 40 image dataset contained 12 grade |, 14
grade 1, 6 grade Ill and 8 grade IV images. Considering the relatiyamall sample
size once the data set is split into the four damage types, it is difficult to draw
definite conclusions about the distributions. However, one observation is that as

the damage grade increases the specificity appears decreaseand the sengivity
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increases While this may due to chance, it is possible that the algorithm may be
misclassifying more dermis tissue as epidermis when there is damage present.
While this non-specificity is not ideal, identifying dermis tissue as epidermis would
be more of an issue if it was happening in the grade | images, as this may lead to

false positive identification of spaces in the dermis as clefts or vacuoles.

Once the epidermis had been segmented, the next task was to accurately segment
the dermis tissue ® that the DEJcould be identified.Locating the DEJ correctly is
essential for objects to be identified accurately as clefts because location at the DEJ
is a specific property of cleftsThe epidermal segmentation was optimised using
performance metrics that were based on an accurate manual maskp of the

OAT OOAAO6 APEAAOI Al PEGAI O AU Al AgpPAOOS
it provided the best method for optimising the multiple parameters included in the
algorithm utilising multiple images. The drawback of such a method is the

potential inaccuracy and human bias inherent with such a process due to the
manual annotation. In practice annotation of the outer edge of the epidermis was
relatively straight forward. The boundary of the epidermis wa relatively smooth

and small errors of < 10 pixels in the location of the markedp boundary had

minimal impact due to the relatively large dimensions of the epidermis (20,000 to
80,000 pixels).

Creating a markup for the dermal, cleft and vacuole segmeation would be a
significantly more challenging task. The dermis perimeter is often highly
convoluted, making an accurate and repeatable matlp difficult. For vacuoles

and clefts, the small size and large number make the potential for error during
mark-up much greater due to the high ratio of perimeter to total area. Individual
vacuoles comprising between 100 and 500 pixels may have perimeters of between
50 and 300 depending on their shape. Small {2 pixel) errors in the mark-up of

the boundary could hare a significant effect on the final segmentation and feature
measurements Although the segmentation of these features is very important, it
would be extremely time consuming and error prone to markup vacuoles and

clefts in sufficient images to get a req@sentative sample.
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In light of the issues, it was decided that as opposed to utilising a quantitative
approach, a qualitative visual assessment would be used to optimise the dermal,
cleft and vacuole segmentation based on 16 images and a set of 30 imagesld
be used to assess the final accuracy of the segmentation. The images were selected

to include varying cleft and vacuole densities, and variable staining.

5.3 Dermal Segmentation

The dermis segmentation starts with a simple logical operation that locateke
dermis pixels using the assumption that any sample pixels that are not epidermis
pixels, must therefore be dermis pixels. Initially this was followed by a
classification of objects based on major and minor axis length and object area, the
aim of whichwas to exclude any very long and thin objects such as the long
sections ofstratum corneum A binary image containing information on the

location of all dermis pixels was then used during cleft segmentation to identify the
DEJ. However this simple approdcto dermal segmentation was not successful in
avoiding misclassification of thestratum corneumas part of the dermis, and led to
false identification of clefts at the boundary of the main epidermis and thstratum

corneum

The stratum corneumis the top layer of the epidermis and although it can be linear
in nature or curve around the sample, it is always located at the sample perimeter.
Firstly, as has already been stated, th&ratum corneumshould be excluded from
both the dermis and epidermis masks esn though it is part of the epidermis.
However excluding this part of the tissue is difficult because the thickness,
structure and staining intensity of the layer varies significantly between samples
making identification challenging. One reason for the vation is the areas of
necrotic (dead) tissue that sometimes build up at the top of the epidermis around
the stratum corneum This layer of tissue can become very thick and irregular in
structure, and because it is dead tissue it should not be included @ither the
dermis or epidermis masksFigure 5.19 shows three images with thestratum
corneumoutlined in green. The images give an indication of the typical variation
observed within the data set. An area of necrotic tissue isithined in blue and filled

with blue hatching. The necrotic tissue is pale pink in colour and has sparsely
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distributed purple/blue nuclei; these are also properties of dermal tissue and so it

can easily be misclassified.

A perimeter masking step was desiged to address the issues of misclassification
of stratum corneumas dermis tissue, and the presence of necrotic tissue. This step

is described in the following section.
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Figure5.19 A selection of imagesdhlighting differences in the stratum corneum and areas of
necrotic tissue.

5.3.1 Sample Perimeter Masking
A mask based on the perimeter of the sample madk,0 & i(Euation5.4), was
tested to determine whether it could be used to remove thstratum corneum

without removing important areas near the DEJ. The perimeter mask of the tissue
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sample was created by sub#icting a version ofi 0 & ier@led by one pixel from
the original version ofi 0 ¢ i Tlee perimeter mask was then morphologically
thickened by adding pixels to the exterior of the perimeter. Some sample masks
had very convoluted perimeters due to thdoose and fibrous structure of the
dermis tissue. When these convoluted edges were thickened it had the effect of
masking out too much tissue, in particular the dermis pixels at the DEJ. To avoid
this issue a morphological closing step was performed oméi 0 & ito'®nooth the
edges prior to the perimeter extraction.Figure 5.20 illustrates the benefit of

adding the smoothing step when creating the perimeter mask.

Figure5.20 Diagram illustrating the effect of smoothing on the perimeter masking step.

In diagram A, the dermis perimeter is highly convoluted and at certain points the
perimeter reaches deep within the tissue sample and maslkout some pixels at the
DEJ. In diagram B the perimeter has been smoothed, reducing the convolution and

ensuring that the stratum corneumis masked but the DEJ pixels are not.

Figure 5.21 shows an overlay of a thtkened, smoothed perimeter over the original
image. In this case, the perimeter mask overlays tlgratum corneum some of the
epidermis, and also parts of the dermis. The masking of the dermis pixels deeper in
the tissue (indicated by the black arrows irFigure 5.21) is not an issue as these
pixels are not adjacent to the epidermis and therefore not required to locate the
DEJ. The masking of the epidermis pixels also does not have an impact, since the
location of these pixels is already known from the epidermal segmentation
procedure. If they are masked out, they can be recovered using the epidermis

mask,eMask, described in sectiorb.1.8. The side edges of the tissue (identified
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within rectangles inFigure 5.21), have adjacent epidermis and dermis pixels,
however the masking of these regions is a positive outcome as histopathology
experts tend to disregard these areas from the analysis due todtnigh probability

of artefacts from the sample slicing procedure being present.

pa’
Y.

Figure5.21 RGB image of H&E stained skin sample overlaid with mask of thickened perimeter
5.3.2 Dermal Segmentation: Method

The correct segmentation of the dermis tissue and the disregarding of tisgratum
corneum requires a variety of processing steps to be used in series. Firshew

binary maskdMaskis created containing only pixels within the sample mask

sMaskthat are not present in the epidermis maskeMask

v, ”, J.l ~ JJ
P Q Qv‘ +“ 5 Pl + AR Equation5.22
m £ VQ Q

IJJ=|=

The outer contour of the sample mask is smoothed using morphological closing:

vi+xg@  wlF Vg% vl efB %S 3% Equation5.23
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where SE is alisk shaped structuring element with a radius of 20 pixels.
Structuring elements of different sizes were tested, but the selection of SE with
radius 20 was made based on the fact that this was the smallest size able to close
the small openings in the pemneters of the dermis tissue. A largesizewas

avoided to minimisethe loss ofinformation in the image

The perimeter of sMaskgiosediS found by subtracting a new version o§Maskciosed
which has been morphologically erodeds ,using a structuring element with a
radius of 1 pixel, SE1, from the originadMaskciosed. The resulting image is then
dilated using a disk shaped structuring element of radius 60, SE2, to thicken it and
create the perimeter maskpMask. The value of 60was selected based on the
average depth of thestratum corneumlayer in all but the most extreme examples.

If the examples with the very thick layers obtratum corneumwere included in this
calculation then the mask would get rid of unnecessarily largegnts of the tissue

samples in the more typical examples

Equation

Q0 vi4+xg 4 avp p

_—3
+ T €0 0VQI Q 5.24

The perimeter mask is subtracted from the dermis mask to remove regions of

stratum corneumand pixels near the cut edge of the sample:

Equation
5.25

For each objecZ in dMask, the object area, the major axis length and minor axis
length are determined. The ratio 0ZmajoraxisLength t0 ZminoraxisLengthgives the
dimension measurementZpim, Of the object, which is a measure that can be used to
identify the thin objects which make up thestratum corneum The following
classification rule based on the object area and dimension waised to classify each

object pixel,z, in thedMask:

g P avdeo X&ho TCUTT Equation
n Qai Q 596
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The values used in this clasBcation were chosen based on the area and dimension
measurements of dermis and nordermis objects from 16 imagesFigure 5.22 is
the histogram of dimension measurements for all dermis and nedermis objects
in the 16 versions ofdMask. Figure 5.23 is the histogram of area measurements for

all dermis and nondermis objects in the 16 versions ofiMask.
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Figure5.22 Histogram ofdimension measurements for dermis and fo@mmis objects
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Figure5.23 Histogram of area measurements for dermis and-dermis objects

Visual examination of the 16 image data setnd assessments of the hisgrams
shown in Figure 5.22 and Figure 5.23 were used to determine appropriate
threshold values for dimension and areaThe area threshold of 42,500 waset at a
level which excluded the majority of nondermis objects and included albut the

very smallest objectsThe smaller dermis objects, sized between 20,000 and
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42,500 pixels, were small fragments of tissue which were nemformative with
regards to the DEJ location. He extent threshold was easier to select manually as
the separation of the dermis and nordermis objects was greater. The highest
dimension of a dermis object (8.1) and the lowest dimension of a neslermis
object (7.3) were identified, and the mean calcul®d to arrive at the final threshold
of 7.7.

5.3.3 Dermal Segmentation: Results

The following series of figures show the impact of each step in the dermis
segmentation. A particularly challenging example has been chosen to illustrate the
OAAOT T Al Onclisioi FHgur®@XPA $héwd th&subtraction of the

epidermis mask from the sample maskKquation 5.22), and illustrates how it

breaks the large sample objects in the mask into smaller olgts, which are
comprised of actual dermis tissue and other regions such as tegatum corneum

and necrotic tissue.

-

Figure5.24 Subtraction of epidermis mask from sample mask

Subtracting the thickened @rimeter mask (Equation 5.25), either thins or
completely removes objects around the edge of the sample including te&atum
corneumand necrotic tissue. The radius of the SE used to thicken the perimeter
mask is 60 pixels and sobjects that are smaller than this in size are removed

completely, larger objects are thinned. IrFigure 5.25, the necrotic tissue combined

183



Chapter 9mage Processg and Segmentatiaon
Dermal Segmentation
with the stratum corneummakes it extremely thick and so the mask thins rather

than removes these objects.

Figure5.25 Subtraction of thickened sample perimeter mask

Figure 5.26 illustrates the selective removal of the thinned objects using an object
classificationstep based on object shape and siz&quation 5.26). The arrows
indicate objects which are being misclassified as dermis objects at the end of this

process.

Figure5.26 Remowal of nordermis objects with a classification rule
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The dermal segmentation method was tested on a set of 16 images and a
qualitative analysis performed in which the dermal segmentation was deemed to
be inaccurate if it would lead to an over or underestiration of the true DEJ by
~25%. The biological and staining variation of the samples resulted in inaccurate

dermal segmentation in ~10% of cases.

Although additional optimisation may be able to improve dermal segmentation, a
user interaction step was addedo create a workable solution. The overall process
still works without the user interaction stage, but by incorporating the step it is
possible to remove any regions that are still misclassified as dermis (such as the
large areas of necrotic tissue indiceed by arrows in Figure 5.26). Figure 5.27

shows final dermis mask in white and perimeter of the epidermis mask in green,

following the user interaction step.

Figure5.27 Userinteractive removal of any remaining misclassified objects
5.4 Cleft Segmentation

The next stage of the process was to identify clefts at the DEJ. The clefts appear as
white spaces between the dermis and epidermis when the damage regmt

reaches Grade Il severity. When examining the colour normalised images it was
noted that the internal clefts sometimes appeared to have uneven colouring, rather
than the consistent background colour that would be expected. This effect is an

artefact of the histogram matching procedure. Despite the input images having
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differing proportions of colours, they are matched to a target image with a set
proportion of colours. As a result the consistent background colour of clefts is
sometimes replaced with a geater range of light colours. This can be seen in the
cleft outlined in Figure 5.28. In the original RGB image there is very little variation
in colour throughout the cleft whereas in the normalised image there are more
pale pinkand grey pixels present. For this reason, the original, nemormalised

images were used to identify the clefts.

Original Image Normalised Image

W

Figure5.28 A sub-epidermal cleft in an original RGB image and an image which has been
normalised using histogram matching.

5.4.1 Cleft Segmentation: Method

The basic platform process for cleft segmentation was the same as that developed
for epidermal segmentation, i.e., colour image prprocessing for contrast
enhancement, thresholding, morphabgical processing and size and shape based

object classification.

For the colour image preprocessing step, it would be expected that a measure

such as luminance would highlight the clefts since they are visualised by light
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passing directly through spacesn the tissue. To do this, the RGB image was
converted to theL*a*b* colourspace and the luminance<") image contrast
stretched using a linear mapping function to create a new image, utilising the full
dynamic range(see section 2.4.9, equation 2). This operation is a type of
normalisation and is of value since the images being used have not been colour
normalised. The functionremapped the intensities ind” to exclude 1% of the
lowest intensities and 1% of the highesintensities. The penetration points Pmin
and Pmax required to identify the lower and upper bounds of the intensities to be
included in the remapped imagevere determined using the cumulative percentage
histogram (section 2.4.9).The remaining pixelswere pixels wereremapped to

utilise the full dynamic range of 0 to 1

Equation5.27

Tt ~
Er,  "O0 "3% 47 A

The"0O0 fithction converts the output into an integer which determines the

intensity of a pixel in the new image.

The next step develped was a thresholding operation on the image to identify
potential clefts. The thresholdd is based on the value of the mode intensity of
all pixels in4. In a similar manner to sample thresholdingEquation5.4), a lower
threshold than the mode value was chosen to account for variation in the intensity

of the background pixels:

6 déQm a N 4 CT Equation 5.28

The decision to subtract 20 from the mode value was made litgratively changing
the value subtracted and thervisually assessing the effect of changing the
threshold on the proportion of cleft spaces iéntified on multiple images. This
process is desabed fully in the results section5.4.2and theimpact of changing

this threshold on the segmentation of clefts is showm Figure 5.31.

The operation that is describel next is applied twice to identify all potential clefts.

The reason that cleft regions must be identified in two stages is that sometimes
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clefts at the DEJ are included within the dermal mask and at other times they are

included as part of the epidermal nask. First,0 is used to threshold the

dermis mask,®™ ! 3 y@hd create a new binary mask k4 €gptaining all

background coloured pixels within the dermis:

o QOER 6 00 @by
T £EDI 0l Q

Equation5.29

The contiguous objects inE F 4 ‘@rg then classified based on whether they ar
located at the boundary of the epidermis and dermis, the DEJ. More specifically,

any pixels part of a contiguous object igk F 4 ‘&ng within a 5 pixel distance of the

epidermis are identified by utilising the g + wfid four translated versions @ the

& k4 iinask. The translated versions ard- F

fisks which have been shifted 5
pixels up, down, right or left. Pixel locations which have an intensity of 1 in both

the g4 +
(1) been identified as being part of a potential cleft, and (2) be within a 5 pixel

a translateddt k

1ask must therefore be dermis pixelshat have

distance of the epidermis. The identified pixel locations in each E{ inask are

then subjected to a reverse translation operation and added into a singleatnix,

m=" +IAgy okjectind- k| that contains at least one of the adjacent pixels in

+ dsgetaimed in a new maskskd + v& - m >0

The thresholding and location classification procedure is then repeated to identify

clefts on the epidermal side of the DEJ. More specifically, epidermis pixels are

thresholded using6 to create a mask- k4 that identifies background

coloured pixels within the epidermis. Pixels within a 5 pixel distance of the dermis

are located using the translation operation described above. Any objectsd4h E 4
that are within a 5 pixel distance of the epidermis are saved in a new mask,

TR -

The two masksq-d + vE gnddc | L+ v

binary mask,{= 4 &

r mpPecadded togetheinto a single

bure 5.29 shows the dermal clefts objects identified
adjacent to the epidermis Figure 5.29a), the epidermal clefts adjacent to the

dermis (Figure 5.29b), and the combination of both sets of cleftdHigure 5.29c).
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Figure5.29 Dermal cleft objects gdcent to the epidermis={gureb.29a ), the epidermal cleft
objects adjacent to the dermiBigure5.29b), and the combination of both sets of cleft objects
(Figureb.29c).

Clefts positioned near the edges of the tissue sample may be artefacts due to the

slicing procedure, so the sample perimeter maske!! + Y&

applied next to remove hem.Figure 5.30 shows a skin sample with a tear at one of
the cut edges, indicated on the image with an arrow. The perimeter mask is shown

masking this artefact.
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=t 80 pixels

Figure5.30 A skin sample showing grade Il damage, with clefts at the DEJ. The thickened
sample perimeter mask is shown masking a tear at one cut edge of the tissue.

Any objects ind- 4 are fully or partially masked by the perimeter mask are

removed from further analysis.

5.4.2 Cleft Segmentation: Results

Figure 5.31 shows the effect of changin@® (Equation 5.28) on the cleft
thresholding operation on two image sections, one with clefts and one without. A
total of 8 thresholds were tested, but the results of three are shown to demonstrate
the impact of this step. The first image ifrigure 5.31 does not have any clefts and
none of the thresholds considered result in false clefts being identified at the DEJ.
More of the dermis tissue is included in the cleft mask as the threshold is
decreased, a observed for both images ifFigure 5.31 . In the second image, clefts
are included in the mask when a subtraction of 20 or 40 is applied to the mode
luminance value. A subtraction of 20 was selected to create thanary mask from
contrast enhanced luminance image. This threshold resulted in clefts being
identified and the majority of the areas of tissue with high luminance being

excluded.
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Figure5.31 The effect of ifferent thresholds on the binary cleft mask created during
thresholding of two luminance images, one containing clefts and one with no clefts.
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Figure 5.32 shows a section of the original RGB image which has begmcessed
using the full cleft segmentation, with the cleft boundaries plotted in green over
the colour normalised RGB image. The procedure has identified the clefts in this
image accurately. There are two regions within the epidermis that have a similar
appearance to the clefts, but as they are not at the DEJ they have not been classified

as clefts.

Figure5.32 A section of the original RGB image, with the cleft boundaries identified using the
cleft segmetation procedure plotted in green over the RGB image.

5.5 Vacuole Segmentation

Vacuoles are membrane bound cavities within the cells of the epidermis and they
are not stained by H&E, meaning they are approximately the same colour as the
background and lighterin colour than the surrounding cytoplasm. As with clefts,

the mode luminance is used as the basis of a thresholding operation. The vacuoles
do not have as strong a contrast against the surrounding tissue as the clefts, and so
the threshold needed to be laver to ensure all the vacuoles were appropriately

segmented. The slight difference in colour of the vacuoles compared to the
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background and clefts may be because the vacuoles contain fluid and the refractive

index of this fluid may be affecting the passag# light through the sample.

5.5.1 Vacuole Segmentation: Method

The identification of the vacuoles within the epidermis is important as they are the
second major feature of damage after the DEJ clefts. As this vacuolisation occurs
exclusively in the cells of tle epidermis, this is the only region that needs to be
analysed. As with the cleft segmentation, the contrast enhanced luminance image
(Equation5.27) is used as a starting point. The vacuoles do not have as strong
contrast against the surrounding tissue as the clefts and so a larger value (100)
was subtracted from the mode luminance to obtain the optimal thrghold, &

The impact of varying the value subtracted from the threshold is described in

section5.5.2and summarised inFigure 5.33:

& GéQM a N 4 pTT Equation5.30

Potential vacuoles in the epidermis were located by thresholding the epidermis

pixelsind at®  to create a new binary mask 4

p QOE;, 00 ’(iJJ ={= Y. o Equation
T €I VLQI Q 531

There was no need to perfornthis operation on the dermis pixels as vacuolisation
occurs exclusively in the epidermis. Within thestratum corneumthere are

numerous gaps between the layers that are small and backgrowuloured and

they can be incorrectly classified as vacuoles as asult of their similarity in
appearance to them. The misclassified vacuoles occur in images where some of the

stratum corneumhas been previously misclassified as part of the epidermis. A

slightly altered version of the perimeter maskm= + ¥Equation5.24) was applied

to mask out thestratum corneumin those images where it has not previously been
removed. This versione! =
andpAO&lI Ol ET ¢ A 11T OPEITTCEAAI AEI AOET1T OOE

thicken the perimeter mask. The size of SE was reduced compared to the radius 60

B s created by locating the perimeter of thev 4
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version used previously to exclude as much of th&ratum corneumas possible

without excluding real vacuoles located in the top layers of the epidermis. Any

¢ ‘re discarded. A final mask,

oJJ=|=l
ino I:-H-t

objects on the epidermal side of the DEJ as both clefts and vacuoles.

owing the location of the vacuoles was created by discarding any objects

t were identified as clefts ind- 4 4

s avoided double canting of

He object area obbjectZin o kv

s then determined and any object greater
than 1000 pixels in area were excluded. These very large objects are likely to be

artefacts a misidentified clefts. The following classification rule based on the

object area was used to classify each object pixel,ino

PN Rl Equation
& b v pmm q
nm Qai Q 5.32

5.5.2 Vacuole Segmentation: Results

The effect of changing the thresholdp hon the final vacuole segmentation
procedure was tested by running the procedue on a set of 16 images showing
differing levels of vacuolisation, staining and contrast. The effect of changing the
threshold on two typical images with different staining hue and intensitiesis
shown in Figure 5.33. Not all teged thresholds are shown, with the actual
thresholds tested being the mode luminance, and mode luminaneg5, -20, -40, -
60, -80,-100, and-120.

When the mode luminance was used as the threshold to segment the vacuoles,
many of the vacuoles were not adecately segmented. This can be seen

particularly in the second image (image 2) irFigure 5.33. When a value of 80 was
subtracted most of vacuoles were segmented accurately. When a value of 100 was
subtracted from mode luminance, aras of lightly stained cytoplasm were
misclassified as vacuoles in some cases. These misclassified regions are indicated
by the yellow arrows in Figure 5.33. The impact of the final processing step using
the cleft maskAr 4 + w

n also be observed iRigure 5.33. The white region in the

bottom left corner of image 2 is located at th®EJand was classified as a cleft in
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the previous step. It has therefore been excluded from the vacuole matskavoid
counting this region as a cleft and a vacuole.

Threshold at Threshold at Threshold at
(mode luminance) (mode luminance -80) | {mode luminance-100)
-
Q
&
E
o
Q
&
E

Figure5.33 Sections of two RGB images, which have been through the whole vacuole
segmentation procedure using thresholds of mode luminance, modednngc 80 and mode
luminance-100. The final vacuole boundaries are plotted in blue over the RGB image. Yellow
arrows indicate regions misclassified as vacuoles when using the lower threshold.

5.6 Sizebased Classification of Vacuoles and Clefts

Once the inital segmentation of vacuoles and clefts had been tested it was noted

that some of the vacuoles appeared to be larger than some of the clefts. This was

195



Chapter 9mage Processing and Segmentation
Sizebased Classification of Vacuoles and Clefts
unexpected as clefts are formed when a number of vacuoles fuse together, meaning
that clefts should be lager in size than vacuoles. The two regions within the
epidermis highlighted in the discussion ofigure 5.32 were classified as vacuoles
due to their location, but appear more like intra epidermal clefts or vacuole
fusions. The &ft and vacuole segmentation procedures described in sectiols4.1
and 5.5.1differentiate between vacuoles and clefts based on their location; an
object is classified as a cleft if it is at the ), other objects within the epidermis are

classified as vacuoles.

An alternative means of classifying the objects was developed based entirely on

size.This method was tested by adding all the clefts and vacuoles identified in
0 + wlio 1 4

mask of all the potential vacuoles and cleftf+¢ m <! + v

g the procedure in section$.4.1and5.5.1, to create a new

o~ o 1l
B+ ! F 1FT) ?Céznﬂlzizu ol %0 66+ Equation5.33

The objects inf] $m <! +

their area in pixels. The individual areas of clefts and vacuoles in a number of

o then re-classified as vacuoles or clefts based on

images were measured to determine an appropriate threshold. There was not a

clear size threshold where avacuole at the DEJ clearly transitions to a cleft. Instead

OEA OEOAOEIT A xAO OAO AO Ommade iphiBEutedi AOA,
vacuolesmeasured within the epidermis tissue. This was done by manually

removing objects at the DEJ fronp 4

wsing a user interaction step like that
described in section5.1.9. This was performed on the whole 16 image data set and

the maximum vacuole area identified in the image set was 150 pixels in area.

Two copies offf +¢ ficre created and renamed  fpand+- m gfFer each

object®in o + 4 each pixelz within dwas changed to a zero if the area of the

object was greater than 150 pixels:

. P b aNn osm puTm :
a - £ ®DI OOl O Equation5.34
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For each objectbin 4 m g 8&ch pixek within cywas changed to a zero if the area

of the object was less or equal to50 pixels:

5 D ban ¢ed pUT Equation

: Tt €I VLRI Q 535
The segmentation and image processing procedures describbé this chapter
created a number of output images used to extract features. The images include the
epidermis pixel mask g + cleft and vacuoles masks based on location and
od 4

on object areask m gipad o £ 4.

size 3k 4 finally the alternative cleft andvacuole masks based

5.7 Discussion of Image Processing and Segmentation

The aim of this part of the research was to develop an algorithm capable of
segmenting the epidermis, dermis and features of importance incluayg clefts and
vacuoles in images of H&E stained skin that exhibited varying degrees of
histological damage. Epidermal segmentation is the first step in the automated
procedure for the detection and classification of histological damage caused by
immune responses within the skin. This first step is critical, because the epidermis
is the part of the sample where the damage is manifested. Vacuolisation occurs
within the keratinocytes (the main cells of the epidermis) and clefts form at the
DEJ at the base dhe epidermis. The proposed method is robust in terms of its
ability to segment the epidermis even in cases where the morphology and
structure has broken down, as evidenced by a mean epidermal segmentation
accuracy of between 96% and 97% for sets of imageshowing grade I, Il, Ill and IV
damage.The three-stage process presented enables the use of a traditional and
well understood thresholding technique in a challenging domain in which it would

not ordinarily give good results.

After image cropping and annitial segmentation of sample pixels to improve
algorithm efficiency, the main processes can be implemented. After a colour
normalisation step based on histogram matching to a weBtained target image in
the RGB colourspace, pixel colour and staining iensity information is captured

through a linear combination of two image representations. Colour information
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relating to the staining is captured using a contrast enhancda* plane from the
L*a*b* colourspace, and general staining intensity information isaptured using a
contrast enhancedgreyscale image. The two image representations are then mean
filtered to remove some of the cellular detail within the different tissue types and
emphasise the variation between the two tissue types. Information from both
image representations is combined before Otsu thresholding is performed. The
segmentation is finetuned using morphological processing, and a final object

classification step based on size and shape is applied.

The proposed method segments the epidermisom whole slide skin images with a
mean specificity of 98.0%, a mean sensitivity of 9% and a mean accuracy of
96.8% when the performance is tested on 40 imagek.offers improved

DAOAEI Of AT AA T OA @012)@nulih-iesblution’glodalHredholding
and shape analysis (GTSA) approach which had a 92% sensitivity rate, 93%
precision and 97% specificiyy rate when tested on 16 images. Itis also an
improvement on previously published segmentation approaches for epithelial
tissues such as those reported by Wargt al (2007a) who achieved accuracies of
94.97 96.3%,and Eramianet al (2011) who achieved anaccuracy of 85%, and
mean sensitivity and specificity of 91.4% and 84.6% respectively. The balance of
sensitivity and specificity required is dictated by the particular application. While
attempts were made to increase sensitivity as much as possikidg optimising
parameters on the training sef doing this at the expense of specificity could easily
result in false vacuole and cleft idenfication and an unacceptable number of false

positive results in the subsequent classification process.

The time efficiency is difficult to compare accurately with other published methods
as it is dependent on the computer system. However an approximateimber of
pixels processed per second can be used to compare methods. The algorithm
(without user interaction) processes approximately 866,432 pixels per second
with a standard deviation of 124,764. On average, it takes 11.4 seconds (with a
standard deviation of 5.1) to process a typical image in this dataset using an Intel
quad-core 3.4GHz processor with 8GB RAM. The processing efficiency compares

favourably with Eramianet al (2011) who quoted an average runtime of 7.2s per
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image, which can be scaled to ~189,583 pixels per second. Waatal (2007a)
were processing much larger images, so despite a reported runtime of 21 minutes,
the pixel processing per second is of the order of ~ 7,619,048. Both Wargal and
, O AT A {(2A1M2)&aktipdddssing time 3,764,705 pixels per second are

explained by their use of a multiresolution approach.

In the segmentation procedure developed in this researcadditional time

efficiencies could be gained if the some of the more time consuming functions such
as colourspace conversions were translated to MEf{es. As computer processing
power and speed continues to improve there is also the option to run the

algorithm using parallel or cloud computing.

A colour normalisation step was included prior to the impgémentation of the main
segmentation algorithm to enable the method to handle staining and lighting
variation in the input images. The inclusion of a colour normalisation step is a
trade-off between retaining as much colourimetric information as possible vihin

the images and managing the variation resulting from sample preparation, staining
and imaging. Mapping to an ideal target image can be problematic since each image
has differing proportions of background to sample, and also of epidermis to dermis
tissue. The effect of carrying out a mapping between differing images is that some
differences are smoothed out, while others are enhanced. These effects were
mitigated in this study by confining the colour mapping to sample pixels in the
target and test image. The ability of the algorithm to achieve high accuracy,
sensitivity and specificities despite significant variation in the input images shows

the approach was effective.

Applying colour normalisation prior to the colourspace conversion and contrast
enhancement steps that follow ensures that the effects of staining and lighting
variation in the input image are addressed early in the process and prior to the
subsequent contrast enhancement and thresholding steps. The initial colour
normalisation also enhanes the contrast between epidermis and dermis in images
where there is poor contrast between the two tissue types. This normalisation step
enables the following contrast enhancement to be more finely tuned. Without the

normalisation step, variations in oveall colour hue, saturation and intensity
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(caused by staining and lighting differences) have a significant impact on
subsequent processing steps leading to reduction in final segmentation accuracy
and sensitivity. When colour normalisation was added to thprocess,the
specificity increased by 1.69% and sensitivity by 4.93%, resulting in a mean

accuracy increase from 94.03% to 96.45%.

Key parameters for the segmentation were simultaneously optimised because of
the known interactions between them. For examplethe mean filtering of the
greyscale andb* images affects the scale and resolution of variation within the
image, and therefore impacts on the size of the structuring element required to
fine tune the thresholding. Once these parameters were optimisedi¢ method was

sufficiently robust enough to work effectively on the images in the dataset.

3ET AR OEA AOOET 060 PAPAO 11 APEAAOI Al OA
number of other papers in this area have been published. The GTSA approach first
proposed by, O AT A {(2A12)AvAd ifipfdved to achieve a sensitivity of
98.0%, specificity of 99.6% and presion of 96.0% on 61 imagesLu and Mandal,
2014). In a further paper published by the same authors in 2015 on a largeetsof
105 skin sample set, there appears to have been a drop in performance with a
sensitivity of 95.7%, specificity of 99.4% and precision of 93.1%. Another
technique for epidermal segmentation using a morphological closing and global
thresholding-based tchnique (MCGT) was proposed by proposed by Mokhtari et
al as part of research paper developing a method to measure melanoma depth of
invasion(Mokhtari et al, 2014). As the epidermal segmentation was not the main

subject of the paper, the accuracygf this individual step was not quoted.

In 2015 anew techniquewas proposedwhich refined the global thresholding and

shape analysis (GTSA) used by lat al by adding an epidermal thickness check and

a k-means classification(Xu and Mandal, 201%. The paper compared the

performance of their new technique against the original GTSA approach,
-TEEOAOESO -#'4 APDPOI AAE AT A OEA ADPDPOT AA|
thesis, referred to as the CET (contrast enhancement and thresholding) technique.

The CET technique when reproduced and tested on a set of skin biopsies produced

using a slide scanner showed precision, sensitivity and specificity of 56.5%, 91.4%
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and 95.1%on the training set and 49.9%, 91.3% and 93.8% on the test set. The
performance was negatively affected by the very high proportion of cell nuclei in
the dermis area, which led to some of the dermis being misclassified as epidermis
and resulting in a low $ecificity. The images used in the paper had more intense
staining and a different colour profile in comparison to the training images used
for this research. While it a positive sign that the technique has been applied
elsewhere and showed improved perfanance over other techniques in the
literature, the results reinforce the point that most techniques in the area of
histopathology image analysis are very application specific and would require

tuning to be appropriate to different image sets.

The algorithm proposed and described in this chapter has application beyond the
grading of adverse immune reactions, and is a useful framework on which to build
any skin segmentation, such as epidermal segmentation prior to epidermal
thickness measurements, detectiomf melanoma, or diagnosis of dermatological
conditions such as psoriasis. Furthermore the approach could be applied to other
types of tissue, in particular other epithelial tissues with H&E staining. The four
critical parameters identified and optimised inthe Design of Experiments study
would probably need to be reoptimised for different tissues and images generated
in different ways (e.g. slide scanners). Additionally, the sensitivity and specificity
could be tuned using the object classification step gending on whether it was

more important to minimise false positives or negatives in the new application.

The dermal segmentation is dependent on the epidermal segmentation and by
focussing on the accuracy of epidermal segmentation, the accuracy of the mait
segmentation was improved When the dermal segmentation method was tested
on a set of 16 images the biological and staining variation of the samples resulted
in at least a 25% over or underestimation of the DEJ in ~10% of caséds
important that the DEJ is located accurately as this location is used to classify the
clefts correctly and clefts are a fundamental differentiator between grade Il and
grade 1l skin damageA variety of other methods including edge detection and
morphological processingwere tested to improve the method further, however

none of the methods worked effectively for all the images and they have not been
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included in this thesis due to space constraintd.he performance of this step was
affected by biological variability in thesamples with large differences in the
appearance and morphology of thestratum corneumand the presence of necrotic
tissue necessitating the inclusion of a user interaction step to improve the accuracy
of subsequent stepsilt is possible that further work in this area could result in a
method for automatically classifying and excluding the necrotic tissue from further
analysis, including the use of a texture filter utilising the regular spacing of the
AAAA AAT 1 086 AT T AAT OAA 1 phavekkelation tA thedeésh EE C |

of the pale pink necrotic tissue.

The basic structure of the image processing and segmentation procedure
developed during the epidermal segmentation was applied successfully for the
segmentation of clefts and vacuoles. Usiran appropriate colour channel
(luminance), the subsequent contrast enhancement, thresholding, morphological
processing and object classification was effective and relatively quick to develop
and optimise. This would support the argument that the epidermasegmentation
procedure providesa useful framework on which to build other tissue

segmentations.

Two different classification methods were used to identify clefts and vacuoles; one
based on location and the other using size and location, resulting in twets of
potential clefts and vacuoles. While biological knowledge could have been used to
decide which classification was a better representation of the biology, formation of
vacuoles and clefts is a continuous biological process and identification of these
incurs a significant degree of subjectivity. Instead an objective, automated method
was used to select the best type of classification. During the feature selection
process described in Chapter 6 (section 6.3), measurements based on vacuoles and
clefts classified by both methods were tested, and those which differentiated best
between different grades of damage were automatically included in the final

classification model.

The research described in this chapter is one of the main academic contributions in
the thesis. There are very few published methods for the segmentation of

epidermal tissue, the most similar were highlighted in the literature review and
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used as benchmarks to evaluate the success of this method. The development of a
new methodology is a seful contribution in the areas of dermatology, tissue
segmentation, andn vitro assay technology. The robustness is shown by the
i AOET A6O EECE AAAOOAAU ET OAci AT OAQET 1
tissue from H&E images of human skin showing vging degrees of histological

damage.

The next chapter shows how the information extracted from the skin explant
images was transformed further into quantitative and histologically meaningful
measures representative of the image. The information in the miyple tissue and
feature masks is extracted and reduced so that it can be represented as a single

column of numbers and used in an automated classification system.
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Chapter 6 Feature Extraction, Selection and Classification

The previous chapter described the segantation of epidermal tissue, DEJ clefts
and vacuoles within images of skin at various stages of immusmsed damage and
structural breakdown. In this chapter, the design and extraction of a set of
representative feature measurements from the skin imagesigiven in section6.1.
Section6.2 describesthe training of a classification model using these features and
section 6.3 describes thevalidation of a classification model usingn unseen
feature subset.There are many parameg¢rs which were optimised during feature
extraction, most of which are not dependent on the exact image spatial resolution
and the specific staining and lighting properties of the image data set used to
develop the process. However, in order to aid futurealelopment and application
of the method, a list of parameters which would needed to be +@ptimised if
images of a different spatial resolution were being analysed are presented in

Appendix C.

6.1 Feature Extraction and Selection

Following the completion of he epidermis, cleft and vacuole segmentation, a range
of measurements derived from these objects were calculated to populate a feature
vector for each image. Two types of features were extracted from the images, both

of which were introduced in chapter 2 section 2.5.1:

A Morphological Features : These measurements were designed to closely
reflect the expert knowledge and histological guidelines and descriptions used
by histopathologists to grade images. The features included measures of the
number, size, shap and variability of the vacuoles and clefts in the image.

A Texture Features : This set of feature measurements are mathematical
descriptors of texture calculated using the grey level coccurrence matrix
(GLCM) of the epidermis regions. They offer a more stoact way of capturing

the breakdown of tissue based on image texture.

6.1.1 Morphological Features

Standard qualitative histological descriptions oflGVHRsnclude diffuse or severe

vacuolisation, the presence of clefts at the DEJ and the complete separatidthe
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dermis from the epidermis a result of cleft formation. The appearance of vacuoles
at the base of the epidermis is the first indication of damage, and as the damage
becomes more severe these vacuoles fuse together and clefts are formed between
the epidermis and dermis. This means that vacuole and cleft based features are
linked.

Vacuolisation increases in severity with increasing damage and this is shown by an
increase in vacuole number and size. Features were created to attempt to capture
and measurethis quantitatively, based on counting the number of vacuoles
normalised for epidermis area, determining the average area of a vacuole in an
image and calculating the percentage area of the epidermis made up of vacuoles.
Vacuole shape also appears to bee® more irregular with increasing damage as
multiple vacuoles fuse together and so features such as extent and eccentricity
were used to measure this change in shape. In addition to number, size and shape
based measures the severity of clefts was also assed based on the proportion of
the DEJ affected. This was estimated using the major axis length and an
approximation based on the halved perimeter of the epidermis. Finally, statistical
descriptors such as interquartile range, skewness or kurtosis were sed to

describe the distribution and variability of these shape and size based

characteristics across the vacuole or cleft population in an image.

The point at which a vacuole becomes a cleft is not specified by the traditional
histological criteria and isan issue which must be addressed in the developed
algorithm. The only definite differencein the traditional manual grading criteria
between clefts and vacuoless that a cleft must be located at the DEJ, while a
vacuole can occur anywhere in the epidermsi In the previous chapter, this issue
was addressed by creating four masks based on two different classifications, the
first used size and specific location, whilst the second primarily used size as a
classifier and did not discriminate based on featureolcation. By creating these new
classifications it is possible to include additional information in the classification

process compared to the traditional approach.

Size and location based discrimination of vacuoles and clefts
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Vac a These are transparent egions found within the epidermis with an area
of less than 1000 pixels. A fairly high size threshold was chosen to ensure
regions of fused vacuoles within the epidermis were includedAs clefts were
identified first, they were subsequently excluded from he set of vacuole
objects to avoid double counting.
Cleft_a These are transparent regions, of any size, located at the DHils set
will include even very small faults which could potentially be described as

vacuoles, but only if they are located at thBEJ.

Size based discrimination of vacuoles and clefts

A

Vac _h These are transparent regions at the DEJ or in the epidermis with an
area of less than 150 pixels. The lower threshold ensures that only single
vacuoles and clusters of two or three fused vacuddeare included.

Cleft_kh These are transparent regions at the DEJ or in the epidermis with an
area of greater than 150 pixelsThis classification method ensures that very

small faults are counted as vacuoles, even if they are located at the DEJ.

For eachof the four sets of objects, a number of properties were measured:

A

Numberz The total number of a specific type of object in the image was
determined and normalised by the area of epidermis in the image.

Areaz For each set of objects in each image, thers of all object areas was
divided by the epidermis area and used to calculate the percentage area of the
epidermis covered by this type of object. In addition the mean, maximum,
median, standard deviation, interquartile range, skewness and kurtosis of the
object areas were calculated.

Eccentricityz For each set of objects, in each image, the mean, maximum,
median, standard deviation, interquartile range, skewness and kurtosis of the
object eccentricities were calculated.

Extentz For each set of objectan each image, the mean, maximum, median,
standard deviation, interquartile range, skewness and kurtosis of the object

extents were calculated.
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In addition, for the two sets of clefts the following additional properties were

measured:

A Cleft coverage of DEJFor each set of clefts, in each image, the total pixel
distance covered by clefts was approximated in two ways. First by dividing the
sum of all cleft perimeters by 2, and also by calculating the sum of all cleft
major axis lengths. These two approximabns were each normalised using two
approximations for DEJ length. The first was the epidermis perimeter divided
by 2 and the second was the sum of the epidermis major axis lengths.

A Cleft Major Axis Length For each set of clefts, in each image, the mean,
maximum, median, standard deviation, interquartile range, skewness and
kurtosis of cleft major axis lengths were calculated.

A Cleft Dimensiorg For each set of clefts, in each image, the sum of all cleft major

axis lengths was divided by the sum of all cieminor axis lengths.

Approximations, including major axis length and perimeter divided by 2, were

used to estimate the proportion of the DEJ covered by clefts. A direct measurement
of the DEJ based on adjacent dermis and epidermis pixels would be subjtecthe
errors caused by misclassification of thestratum corneumdiscussed in chapter 5,
section 5.3.3. To avoid these errors having an impact on the extraction of features
indicating cleft coverage of DEJ, alternative approximations were used. A varietfy
approximations were used purposely, with the aim of identifying the best

objectively in the subsequent feature selection step.

6.1.2 Texture Features

Texture is a property of image areas rather than individual pixels and involves the
spatial distribution of grey level or colour.First order statistics describe properties
of individual pixel colours, without considering interactions with neighbouring

pixel values. These statistics therefore measure the likelihood of observing a given
grey level or colour at a gven location. Second order statistical featureslescribe
pixel grey level or colour relationships, and are properties of pairs of pixels
providing a quantitative measurement that can be used to describe the texture of
an image. These features quantifihe likelihood of observing two specifiagrey

level or colour values at a given distance and orientation from one anothasing
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the GLCMof an image. The mathematical theory lend the GLCM was described in
chapter 2, section 2.5.1.

The texture features werecalculated based only on the epidermis regions, as this is
the main area of damage. This means that any clefts or vacuoles near the DEJ which
are included as part of the dermis segmentation rather than the epidermis
segmentation did not contribute to thetexture measurements. However, these
features at the DEJ should have been captured in the morphological measures. The
primary purpose of including the texture measurement was to provide additional
features to differentiate between grade | and Il damage byuantifying subtle

changes in texture and colour patterns caused by vacuolisation. The grade I/ lI
classification is the most difficult and error prone for human operators (see

chapter 4, section 4.3 for evidence of this). It depends on an increase in
vacuolisation and the occasional presence of dyskeratotic bodies rather than the
definite presence or absence of a particular feature, making the decision prone to
subjectivity. Dyskeratotic bodies are only sometimes present in grade |l samples
and are difficult to identify. As a result they were not a major focus within this
research. It is however possible that dyskeratotic bodies, which generally have
more intense pink staining and a smaller, darker nucleus than surrounding cells in
the epidermis, could bedentified by one of the texture features being extracted in

addition to changes due to vacuolisation.

Each texture measure was determined for the intensity distributions in six colour
channels: red, green and blue channels of the mapped RGB image, aed th
luminance (L*), red-green chromacity(a*) and yellow-blue chromacity (b*) of the
transformed L*a*b* image. The GLCM was calculated based on a version of the
image scaled to 10 intensity levels. The rationale for this was to reduce the high
spatial frequency components relating to noise in the image, and focus on major
textural changes. The features were based on pixel pairs spaced at a distance of

five pixels in four directions, as shown irFigure 6.1.
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Figure6.1 Four directions and sets of pixels pairs used to calculate texture features

Including four directions ensured intensity distribution patterns occurring in

different orientations were captured. This is important becauselte cells in the

epidermis are not in a fixed orientation either between images or within a single

image. The spacing of 5 pixels was chosen to capture variation within a single cell.

Four texture features were calculated based on the intensity distributios within

the epidermis, from 6 colour channels, yielding a total of 24 texture features for

each image:

A

Contrast Measure of intensity variance or contrast between the pixel pairs over
the epidermal pixels (Chapter 2, Equation 2.17). This provides a meaguof

image smoothness.

Correlation: Measure of joint probability occurrence or correlation of the pixel
pairs over the epidermal pixels (Chapter 2, Equation 2.18). Linear structures in
a given direction will tend to result in a large correlation value inis direction.
Energy. The sum of squared elements in the GLCM, which is the angular second
moment and is a measure of uniformity (Chapter 2, Equation 2.19). The fewer
grey level transitions within the epidermis, the larger the energy.

Homogeneity Measures the closeness of the distribution of elements in the
GLCM to the GLCM diagonal, and is also measure of uniformity in the epidermis
(Chapter 2, Equation 2.20). The measure reflects the degree of repetition

amongst thegrey level pairs.
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The full feature sé included 23 features based oac g 35 features based on
eft_a 23 features based ovac_h 35 features basd onQeft_band 24 GLCM
texture features. A full list of all the different features extracted and the objects
sets they were extracted from iggiven in Appendix B. The set of 140 features
generated included features likely to be highly correlated. For example, the
measurement sets extracted from the two vacuole sets were likely to be correlated
due to the sets containing many of the same object§he following section
describes how this feature set was reduced using an objective, mathematical
approach to remove uninformative, correlated and redundant features and identify
those features which, in combination, provide the greatest level of inforntien to

differentiate between grades of damage.

6.1.3 Feature Selection

The main categories of feature selection methods, introduced in chapter 2, section
2.5.5, are filter, wrapper and hybrid methods. The filter approach was not selected
as it ranks features lased on their individual relevance to the classification task
using aunivariate approach, and hence does not account for complex inter
dependence and correlation of features or account for feature redundancy. The
reliance on individual features ignores itieraction of features which is likely to be
prominent in the skin image dataset due to the link between vacuolisation and cleft
formation described in section6.1.1 In addition, the failure of filter methods to
consider redundancy could result in many very similar features being selected, for
example, the five most relevant features identified using the filter approach may all
be related to cleft area or shape, however using these features would be unlikely to

help differentiate between grade | and Il damage, where no clefts are present.

Wrapper methods account for feature interdependence and feature redundancy
and are therefore better suited than filter methods for selecting features when
building a classifier. Although theyrequire more computational power than filter
methods the feature set in this research is small enough that this approach is
feasible. In the wrapper approach adopted, the feature selection algorithm
searches for the subset of features which will maximiséne predictive performance

of a Naive Bayes classifier using sequential forward and backward feature
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selection (introduced in chapter 2, section 2.5.5). The classifier is used to estimate
the predictive accuracy of the classifier with each potential subseif features.
Crossvalidation was employed to prevent make the best use of the limited dataset

and avoid overfitting of the model.

6.1.4 Data Preparation and Use in the Classification Task

X Data: The matrix of feature vectors

A 181 x 140 data matrix X, was prepared using all the feature vectors. Each row
represented one of the images, including 125 from the original dataset and 56 from
the additional validation set provided by Alcyomics. Each column represented one
of the 140 features.

A review of these imagesvith expert histopathologists from Alcyomics resulted in

8 of these images being excluded from further analysis as they were deemed to be
AEOGEAO O1T1T bDBIiTOIU OOAET AAh O1 OAPOAOGAT OAOD
section 4.4 for full manual grading resiis). On review of the validation set, four

images were removed for similar reasons as above. Once these samples were

removed the data matrix,X, was 169 x 140 containing 61 negative (grade I) images

and 108 positive (grade I, 1lI, IV) images.

Someentricdd AT 1T OAETAA O. 16 A .01 AAOGS j.A. q OA
was missing data for the calculation of a measurement, for example when
calculating the cleft area normalised by epidermal area in images with no clefts,

the calculation of O/epidermal area would produce a NaN value. One approach
considered was to replace these values with the mean or median for the particular
measurement relevant to the specific grade of damage. However it would not be
possible to do this for new observations presented tthe algorithm, as the grade of
damage for these new samples would be unknown. Introducing a different pre
processing procedure for training and test images would most probably lead to

poor generalisation performance. Instead, it was decided that the Naldlues

would be left as they were for the feature selection process as the methods used

for feature selection and model training are able to cope with the presence of this
type of data. The next step was to scale the data so all the features were mapped to

a common scale between 0 and 1:
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& G 1 ER Equation 6.1
(A 1 EE g '

where ais the original value andb the scaled value.

Y Data: The vector of grade labels

A 169 x 1 vectory, was crated containing the correct grade for each image iX,
agreed by two expert histopathologists. The manual grading process, including an
assessment of the intraobserver agreement is preented in chapter 4, section 4.7
A second 169 x 1 vectoryb, was creded containing a binary label of O for the
Grade | images (a negative result in the assay), and 1 for the Grade Il, lll and IV

images (a positive result).

For the final, independent validation of the classifier, 20 images with the same
proportion of positive and negative grades as in the original data set were
removed. The remaining 149 images were used for feature selection and classifier

optimisation. The validation set will be referred to asXv and the training set asX.

6.1.5 Methodology for Selecting Feates

To determine the feature subset, an initial state, termination condition and search
strategy were defined. In the first round of feature selection, the initial state was an
empty feature set, sequential forwards feature selection was used as a search
strategy, and feature selection was terminated once 25 features had been selected.
The criterion for adding or removing features was an improvement in the
classification accuracy on the test set, determined using 4#f0ld cross-validation.

The following secion describes the method for this feature selection.

For selection of first feature

a) Create a random plit of Xinto training data and test data, putting 90% of the
images intoX_Train (149 x 140), and the remaining 10% inX_Test(20 x 140).

b) Identify the equivalent grading data and store agb_Train andyb_Test.

c) Estimate the parameters of the Naive Bayes model (see sect@®i.6for further
explanation of this process) using column 1 ofX_Train to predict the outputs

inyb_Train.
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Test the predictive accuracy of the model (see sectidhl.7for further
explanation of this process) by comparing predictions fronX_Testwith the
actual grades inyb_Testand calculating the rate of misclassification.
Repeat stepsc and dfor each of the remaining features, calculating the
misclassification ratein X_Train eachusing each feature
Repeat stepga z €) 10times using a different split of the data each time, so all
images have been used once in the test set.
Calculate the average misclassification rate for each feature over the ten cross
validation runs.
Identify the feature with the lowest average misclassification rate, add to a new

feature subset,Z and remove this feature from the datasek.

To select eah subsequent feature (up to a maximum of 25)

a)

)

h)

Create a random plit of Xinto training data and test data, putting 90% of the
images intoX_Train, and the remaining 10% inX_Test

Identify the equivalent grading data and store agb_Train andyb_Test.
Estimate the parameters of the Naive Bayes model using the feature/ features
in Z plus the first column of X_Train to predict the outputs inyb_Train.

Test the predictive accuracy of the model by using_Test comparing the
predictions with the actual grades inyb_Testand calculating the rate of
misclassification.

Repeat steps ¢ and tbr each of the 139 remaining featuresn X_Train,
calculating the misclassification rate when each feature is added.

Repeat stepga z e) 10 times using a different split of thedata each time instep
a, so all images have been used once as the test set.

Calculate the average ahe misclassification rates foreach featurein X_Train
over the ten cross validation runs.

Identify the feature that resulted in lowest average misclasication rate when
it was tested in the feature subseZ. Add the feature taZ and remove fromX.

Repeatsteps six to ten untilZ contains 25 features
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The whole subset selection as described abowan berepeated to overcome the
variance in prediction acuracy which results from choosing random subsets for

training and testing during cross validation.

6.1.6 Model Estimation of the Naive Bayes Classifier

For model estimation of the Naive Bayes model, the training data was used to
estimate the parameters of a prbability distribution, assuming conditional
independence of features given the class. The prior probabilities were estimated
using the relative frequency of each class in the training set. The data was
modelled using a kernel smoothing density estimate, whbh is suitable for features
with a continuous distribution, but does not assume there is a normal distribution.
It is therefore suitable when the distribution is skewed or has multiple peaks or
modes. This is ideal, as the distribution of the features uden this research have
complex and norrnormal distributions. For each feature, a separate kernel density
estimate was made for each class. Initial test runs suggested that a normal
(Gaussian) kernel type showed similar or better results than other distribtion
types such as Box, Triangle or Epanechnikov and so this distribution was used
during feature selection. It was decided that other distribution types would be
tested more thoroughly when the model was being finguned after feature
selection. The clasifier automatically selected a kernel width for each feature and

class.

6.1.7 Testing of Predictive Accuracy

Once the model had been created, it was used to compute the posterior probability
of a new observation belonging to each class. Each new sample wasthkassified
into the class for which it had the highest posterior probability. Once all
observations in the test set were classified, the number of observations which
were classified incorrectly (based on the expert manual classification) were
summed andthe misclassification rate calculated by dividing the number of

misclassifiedimages by thetotal number of images inX_Test

6.1.8 Results for Forwards Feature Selection using Cross Validation
Figure 6.2 shows how the misclassificatio rate changes as features are added.

Only three of the ten runs are shown in the interests of clarity. In this forward
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feature selection the misclassification rate drops as features which help the model
to differentiate between observations are added. Hoever as more features are
added the problem of nesting, where a local minima rather than the real minima is
reached, begins to have an impact on the results. The effect of nesting can be seen
in run 3; a local minima was reached at 5 features, followed [an increase in
misclassification at the addition of the 13th feature, and a subsequent further drop

in misclassification rate to its lowest level oge 25 features had been added.

=$=Runl

0.20 |

=E=Run2

=#=Run3
0.10

Misclassification Rate

0.05 |

0.00

1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24 25

Number of Features Selected

Figure6.2 Change in misatsification rate as the 25 best features are added sequentially.
The nesting issue makes it difficult to know if a true minima has been reached, but
a clear sign is the peaking phenomenon where a sharp increase in misclassification
rate is seen with the adition of features after the true minima has been reached. It
was expected that the effect of peaking would be seen clearly in this experiment,
with a sharp increase in misclassification rate caused by overfitting of the model as
more features were addedHowever, since this was not the case, the experiment

was repeated adding a total of 50 features in each run.

As can be seen ifrigure 6.3, there was no sharp increase in misclassification rate
once the initial mimina had been rached even when up to 50 features were added.
One explanation for the absence of peaking is that the initial features chosen were

so dominant that the influence of the other features was masked.
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A reduced subset of features was created, including the folling features

A Those present in Run 2 of the 25 feature test when the misclassification rate
was at its minimum, 0.0403.
A Those present in Runs 1 and 5 of the 50 feature test when the misclassification

rate was at its minimum, 0.0604.
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Figure6.3 Change in misclassification rate as the 50 best features are added sequentially.
The feature selection process had createdraduced feature subset of 31 features.
To test whether the subset could be reduced further ithout affecting the
classification accuracy, backward feature selection (or feature removal) was

carried out fitting with a normal kernel distribution.

6.1.9 Wrapperbased Backwards Feature Selection using Cross Validation
Rather than allowing the algorithm b stop the feature selection early, the removal
of features was continued until only one feature remained to obtain more
information and increase the likelihood of finding the real minima. Although it is
usually accepted in the literature that 10 fold cros validation balances bias and
variance when estimating prediction error in classification taskgKohavi, 1995
Rodriguezet al,, 2010), an experiment was carried out to check this assertion and
test whether the models had high bias or variance wdn the feature sets were

changed significantly The backwards feature selection of the 31 feature subset was
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repeated usingk values of 2, 5, 10, 20 and 40 for thie-fold crossvalidation. Each
cross-validation train and test run was repeated 3 times, makig a total of 15 runs.
Figure 6.4 shows how the mean misclassification rate drops as redundant features
are removed, the data plotted is the average over the three runs. The figure shows
that the misclassification rate decreased itially as the first 10-15 features were
removed (the first measurement made is on the right side of the graph, with all 31
features). The misclassification rate then increased as the number of features still
included in the model approached zero. This imease occurred because there was
not enough information in the training data to teach the model to discriminate

between classes.

0.2500
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0.2000 -m-kfold=5
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0.1500
=»=kfold=20

Misclassification Rate
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0.0500 -

Nubmer of Features Remaining

Figure6.4 Change in misclassification rate as features are removed fro@lifeature subset
There was little difference in the average misclassification rates at a given number
of features when using the differenk values, however the lowest average
misclassification rates resulted from the 10 and 20 fold cross validation

experiments.

The variance in the 3 runs when using the differerk values was also investigated.
The standard error of the mean (SEM) of the misclassification rate across the three
runs is plotted in Figure 6.5. The SEM is the samplestimate of standard deviation

divided by the square root of the number of samples.
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Figure6.5 Change in standard error of thesan as features are removed from thef@ature
subset

It would be expectedthat there would be more variance at low values dt, when
the influence of training-test set split isgreater and less variance at high values of
k. This can be seen in the crosglidation when k=5, where one run had a very
different misclassification profile to the others, creating the large increase in
variation between the runs as the final 20 features were removed. However in
general there was not a clear trend of increasing variance with increasddvalue in
this limited study. The other thing worthy of note inFigure 6.5 is that there was
more variation between the runs at the start when the most redundant features
were being removed; there was then a trend of decreasing variance as more
features were removed. This is likef to be because the majority of the features
were not particularly relevant to the task and so the choice of which one to remove

was variable.

While the difference in variance between the different crossalidation runs was
not immediately obvious, the das does show that the lowest misclassification
rates were achieved using the lower k values to split the data. While this may be
the result of an unusual model being trained with a more novel training set, it is

possible that it is simply the result of a faourable data split and so for this reason
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