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Abstract

This thesis focuses on developing new automatic techniques addressing three
typical problems in digital histopathology image analysis, histochemical stain
separation at pixel-level, cell classifications at region level, and histochemical
score assessment at image level, with the aim of providing useful tools to help

histopathologists in their decision making.

First, we study a pixel-level problem, separating positive chemical stains. To
realise the full potential of digital pathology, accurate and robust computer tech-
niques for automatically detecting biomarkers play an important role. Tradi-
tional methods transform the colour histopathology images into a gray scale im-
age and apply a single threshold to separate positively stained tissues from the
background. In this thesis, we show that the colour distribution of the positive
immunohistochemical stains varies with the level of luminance and that a sin-
gle threshold will be impossible to separate positively stained tissues from other
tissues, regardless how the colour pixels are transformed. Based on this observa-
tion, two novel luminance adaptive biomarker detection methods are proposed.
The first, termed Luminance Adaptive Multi-Thresholding (LAMT) first sepa-
rate the pixels according to their luminance levels and for each luminance level a
separate threshold is found for detecting the positive stains. The second, termed
Luminance Adaptive Random Forest (LARF) applies one of the most powerful
machine learning models, random forest, as a base classifier to build an ensemble

classifier for biomarker detection.

Second, we study a cell-level problem, the cell classification task in pathology
images. Two different classification models are proposed. The first model for
HEp-2 cell pattern classification comes with a novel object-graph based fea-
ture, which decompose the binary image into primitive objects and represent

them with a set of morphological feature. Work on cell classification is further



extended using deep learning model termed Deep Autoencoding-Classification
Network (DACN). The DACN model consists of an autoencoder and a conven-
tional classification convolutional neural network (CNN) with the two sharing
the same encoding pipeline. The DACN model is jointly optimized for the clas-
sification error and the image reconstruction error based on a multi-task learning
procedure. We will present experiment results to show that the proposed DACN
outperforms all known state-of-the-art on two public indirect immunofluores-
cence stained HEp-2 cell datasets and H&E stained colorectal adenocarcinomas

cell dataset.

Third, we study an image-level problem, assessing the histochemical score of a
histopathology image. To determine the molecular class of the tumour, pathol-
ogists will have to manually mark the nuclei activity biomarkers by assigning
a histochemical score (H-Score) to each TMA core with a semi-quantitative as-
sessment method. Manually marking positively stained nuclei is a time con-
suming, imprecise and subjective process which will lead to inter-observer and
intra-observer discrepancies. In this thesis, we present an end-to-end deep learn-
ing system which directly predicts the H-Score automatically. Our system imi-
tates the pathologists’ decision process and uses one fully convolutional network
(FCN) to extract all nuclei region, a second FCN to extract tumour nuclei region,
and a multi-column convolutional neural network which takes the outputs of the
first two FCNss and the stain intensity description image as input and acts as the
decision making mechanism to directly output the H-Score of the input TMA im-
age. To the best of our knowledge, this is the first end-to-end system that takes a
TMA image as input and directly outputs a clinical score. We will present exper-
imental results which demonstrate that the H-Scores predicted by our model have
very high and statistically significant correlation with experienced pathologists’
scores and that the H-Score discrepancy between our algorithm and the patholo-

gists is on par with the inter-subject discrepancy between the pathologists.
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Chapter 1

Introduction

Digital image processing and computer vision techniques have been widely ap-
plied to digitized medical images, such as Tomodensitometry (X-ray), Computed
Tomography (CT), Magnetic Resonance Image (MRI), Angiography, etc. With
the advent of whole slide imaging (WSI) scanners and the increasing demands
on histopathologists to interpret the slides, digital histopathology image analysis
systems have begun to be developed. This thesis addresses a series of quantitative

analyses and assessments, to complement the opinion of the histopathologist.

In this Introduction, we will first review the histopathological background in
Section 1.1. In Section 1.2, we will present the motivations behind this thesis.
Section 1.3 analyses the challenges that make digital histopathology image anal-
ysis difficult. Our contributions to meeting these chanllenges will be presented

in Section 1.4.

1.1 Histopathological Background

The word Histopathology is a combination of three Greek words: histo = tissues,

pathos = disease, and logos = study. It refers to the examination and study of dis-



CHAPTER 1: INTRODUCTION

Tissue Processing

Tissue Dehydration —» Clearing —! Infiltration ——» Embedding

Digital
Histopathology <€—— Whole Slide Imaging «€«——— Slides
Image

Figure 1.1: The workflow of pathology tissue preparation and digital image pro-
duction.

eased cells and tissues under the microscope [5]. A highly trained histopathol-
ogist observes the morphology, architecture, and colour information of the cells

and tissues in order to make a clinical diagnosis.

A high quality histology slide is the key to this microscopic analysis. A typical
pathology workflow of begins with tissue preparation and staining [6], with slide
digitization being is added in the modern digital workflow, as shown in Figure 1.1
[7]. Before we proceed to discuss the computer-assisted histopathology image

analysis, we will give an overview of digital slide preparation.

1.1.1 Tissue preparation

The tissue specimen is firstly placed in a container with fixatives after being re-
moved from the patient. As the first step of tissue preparation, fixation is to
maintain the natural state of the tissue, protecting it from autolysis and putrefac-

tion.

The tissue processing consists of four steps: dehydration, clearing, infiltration,
and embedding [8]. The aim is to remove water from the tissue and infiltrate it
with a medium so that the specimen can be sectioned into thin slices. Alcohol
and wax are widely used as the dehydrating agent and embedding medium, re-
spectively. Specifically, in the first step of dehydration, the tissue is immersed

in a series of alcohol with increasing concentrations to remove the water. Clear-
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Figure 1.2: Examples of pathology glass slides.

ing is to remove the alcohol with an intermediate solvent (e.g. Xylene), since
alcohol and paraffin wax are immiscible. Finally, the specimen tissue is placed
into a mould with embedding material. The solidified block is then ready for

microtomy.

Figure 1.2(a) shows a slide with a section from single paraffin block. In order
to achieve a high-throughput analysis, Tissue Micro Array (TMA) has been pro-
posed [9]. In TMA technology, hundreds of small core biopsies are punched
from several donor blocks, and transferred to a recipient paraffin block by posi-
tion in the rows and columns of the array [10] (see Figure 1.2(b)). Such TMA
blocks can be used for simultaneous in sifu analysis of up to 1000 different tissue

specimens on the DNA, protein, or RNA level [11].

1.1.2 Staining

After fixation and tissue processing, the tissues are dyed with stains to enhance
the contrast for viewing under a microscope [12]. In histopathology, there are
various methods of staining. In this thesis, three different types of stain methods
will be discussed: Hematoxylin and Eosin (H&E), Diaminobenzidene-Hematoxylin

(DAB-H), and Immunofluorescence (IF).

H&E is the routine stain in histopathology laboratories. It has been used for
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Figure 1.3: Images of histopathological stains. (a) Hematoxylin and Eosin, (b)
Diaminobenzidene and Hematoxylin, and (c) Immunofluorescence.

over one hundred years and is still essential for recognizing tissue types and
morphologic changes [13]. Hematoxylin is a basic dye, with a dark blue or
violet colour, and binds to DNA and RNA; eosin is a pink stain that is acidic. In
a typical tissue slide stained with H&E, the cell nuclei are stained blue, whereas

the cytoplasm and extracellular matrix are pink, as shown in Figure 1.3(a).

Immunohistochemistry (IHC) is a method for detecting targeted antigens (pro-
teins) in tissue sections by labelled antibodies using antibody-antigen interac-
tions [14], and is widely used in cancer diagnosis and biomarker localization
[15]. The target antigens are labelled by chromogenic or fluorescence reporters
so that they can be visualized through microscopy. Diaminobenzidine is one of
the most commonly used chromogenic reporters, which produces a dark brown
colouration (positive) against a blue background (negative) counter-stained by

Hematoxylin (see Figure 1.3(b)).



CHAPTER 1: INTRODUCTION

Immunofluorescence (IF) makes use of fluorophores as fluorescence reporters
to visualize antibodies via a fluorescence microscope [16]. An example of an
image is shown in Figure 1.3(c). There are two kinds of IF: direct and indirect.
However, these two classes of techniques do not affect the image processing and

computer vision methods employed in computer-assisted analysis systems.

Different stains directly affect the methods utilized in CAD systems. The H&E
stains all same organelle with same colour, so the CAD systems for H&E stained
images would only consider the morphology and texture of tissues; while IHC
and IF based CAD systems also need to quantify the stain information such as
stain intensity and stain area [|7], since the labelled antibodies would stain dif-

ferent colour when antibody-antigen interaction happens.

1.1.3 Digitization

Significant technological developments have led to the advent of whole slide
imaging (WSI) scanners. WSI refers to the scanning of an entire glass slide in

order to produce a single, high magnification digital image [18].

The resolution of digitalized image is determined by the microscope objective
used for the scanning, and is typically at x20 or x40 magnification with a spatial
resolution of 0.25 micron/pixel or 0.5 micron/pixel, respectively. The captured
RGB image can be compressed with either ’lossless’ (e.g. TIFF) or ’lossy’ (e.g,
JPEG or JPEG2000) types [18]. Since the file size is quite large, these images

are stored in a pyramid structure with increasing resolution for faster navigation.
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1.2 Motivation

As discussed in the previous section, it is a tedious process for histopathologists
to prepare a histological slide. Further, the traditional manual examination and
analysis have obvious disadvantages in that they are time consuming and can

involve subjective mistakes [12].

With the advent of WSI, significant gains in computational power, and dra-
matic improvements in computer vision algorithms, computer-assisted diagnosis
(CAD) systems for histopathology have been highly desired [19]. Specifically,
the histopathological CAD systems are designed to give quantitative analyses of

histopathology images that can support clinical decision making.

The materials covers different digital tissue slides of most common cancers (e.g.
bowel, breast and prostate, etc.) stained by three most widely used stain methods
as discussed in Section 1.1.2. The proposed systems range from fundamental
aided functions such as region-of-interest (ROI) selection [20, 21] and nuclei
detection [22], to high level diagnosis such as automatic biomarker assessment
[23]. Compared with a traditional manual analysis, computer-assisted diagnosis

promises significant benefits in the delivery of patient care:

e Manual qualitative and semi-quantitative analysis can be transformed into
quantitative analysis in an objective way. The number of devastating sub-
jective mistakes would be significantly reduced by different users under

the same constraints.

e CAD systems can automatically provide reliable quantitative measure-

ments that can significantly reduce the time taken.

e Digital histopathology images can be stored conveniently, and previous
slides can easily be accessed when they are needed. Further, remote access

and diagnosis can be achieved.
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1.3 Challenges

There are plenty of challenges involved in achieving this desirable goal. Digi-
tal histopathology images have many differences from natural images and other
medical images. First of all, the size of the whole slide image is extremely large.
A 15 mmx 15 mm slide with x20 magnification contains 30,000 x 30,000 pix-
els. Such a large image size has led to much more complex image pre-processing,

and it is difficult to locate the regions of potential interest within such a huge im-

age [24, 25].

Different staining methods bring about various image modalities, and the colour
information in histopathology images is significantly important. Colour based
segmentation and colour intensity quantification are highly desirable [26, 27, 28].
Nevertheless, there are some challenges faced by colour based CAD approaches.
Firstly, the thickness of the tissue section, the variation in stain concentration,
and the duration of staining during the histological slide preparation directly af-
fect the stain colour and intensity of the stain. Secondly, the stain colours may

have overlapping spectra, which hinders the stain colour separation.

Data-driven machine learning and deep learning techniques have been widely
introduced in the medical research community [29]. Nevertheless, histopathol-
ogy image datasets are always small, due to the complexity and high costs of
the data collection [30]. Furthermore, histopathology image labelling requires
combining more than one specialist’s results, and is extremely time consuming.
Thus, it is a challenge for automatic CAD models to get good performance with
small datasets. Furthermore, small training set would lead to the problem of
over-fitting, resulting in a much better accuracy on the training set than on the

test set.

Clinical diagnosis is very highly dependent on the detection, segmentation, and

classification of the histological structures, such as the tumour nucleus, the lym-
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phocytes, and glands. However, microscopic images have very complex back-
grounds, while the same foreground cellular structures may have distinct varia-
tions in shape, size, and texture. It is a big challenge to extract robust features

for describing digital histopathology images .

With the increasing application of clinicopathological prognosis, numerous CAD
systems have been proposed to support the pathologists’ decision making. How-
ever, most of existing CAD systems are single task and few researchers consider
the image-level synthetic diagnosis. One reason is that image-level applications
such as the H-score [31] and HER2 score [32] of immunoreactivity assessments
require synthesizing multi-quantitative information, which is a big challenge for
automatic CAD systems. In addition, some of the biomarker assessment ap-
proaches categorize the IHC stain intensities into different groups [33, 34]. Nev-
ertheless, there is no standard quantitative criterion for grading the stain intensity

[35].

1.4 Contributions

In this thesis, we develop different techniques to tackle digital histopathology im-
age analysis problem cover from pixel-level to image-level. This thesis presents

the following contributions:

We first consider the pixel-level task of DAB (Diaminobenzidine) stain separa-
tion. For immunohistochemical quantification analysis, a careful analysis of the
existing DAB stain separation methods has been made. It has been found that
the colour distribution of the positive immunohistochemical stains varies with
the level of luminance, and previous research with only a single threshold find it
impossible to separate positively stained tissues from other tissues, regardless of

how the colour pixels are transformed. Chapter 3 introduces a novel luminance
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adaptive theory, and proposes a novel DAB detection system using with a lu-
minance adaptive random forest model presenting experimental results to show
that the luminance adaptive approach significantly improves the accuracy of the

biomarker detection.

This thesis only focus on one cell-level CAD task of cell classification, and
two different models are proposed. Chapter 4 begins by proposing a novel
object-graph based feature which decomposes the binarized HEp-2 cell image
into primitive objects and represents them with a set of morphological features.
A series of experiments has been conducted, and some qualitative results have

shown the promise of this approach.

In Chapter 5, work on cell classification is further extended using deep learning
technique: a Deep Autoencoder-Classification Network. The DACN employs
a multi-task learning strategy, which jointly optimizes two loss functions. The
experimental results on three different datasets show that the DCAN model out-
performs all known state-of-the-art methods, and is particularly effective when

the training dataset is small.

Chapter 6 introduces an end-to-end deep learning based framework for histo-
chemical scoring (H-score) assessment of digital TMA images, and both stain
colour and tissue morphological information are considered. Instead of dividing
the comprehensive task into several small sub-tasks, it creatively constructs two
region-attention images that include all necessary quantitative information for
estimation of H-score. The final assessment therefore would not be restricted to
the performances of sub-tasks. A dual-channel regression network with distribu-
tion label augmentation is proposed for histochemical assessment. As far as the
knowledge of the present author extends, this is the first work on a TMA-based

H-score estimation CAD.



Chapter 2

Literature and Methods

In this chapter, we give an overview of the literature and work related to our
proposed digital histopathology image analysis works. We categorize these tasks
into three categories: pixel level stain colour separation, cell level application of

cell/nuclei classification, and high level comprehensive assessment.

This chapter is structured as follows: it first reviews the related methods for DAB
stain separation, and analyses the problems related with them in Section 2.1.
Section 2.2 reviews the cell classification literatures, divided into those based
on hand-craft features based and those based on deep learning based. Lastly,
the literature on high-level assessment of digital histopathology images will be

reviewed in Section 2.3.

2.1 Pixel-level Stain Colour Separation and Quan-

tification

Colour is one of the most important features of a histopathology images. In H&E

stained tissues, the cell nucleus is stained in blue by the hematoxylin, while eosin

10
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(red) the acts as a cytoplasmic stain. Separating the hematoxylin stained pixels
can fix the histopathologist’s focus on cell nuclei within complex backgrounds
[36]. For immunohistochemistry (IHC) with hematoxylin-diaminobenzidine (H-
DAB) stains, analysing the distribution and stain intensity of the positive stain
(DAB) can be used for biomarker localization or immunoreaction scoring, which
are clinically important in cancer diagnosis and prognosis [37, 38]. This thesis
will focus on DAB stain separation and quantification because of the greater

demand.

To reduce the time needed and the inter-observer variation of manual visual
analysis, various computer-assisted approaches have been developed to separate
DAB stained tissues in digital histopathology images [39]. These can be divided
into three main categories: colour model transformation, colour deconvolution,

and mathematical transformation.

Researchers have proposed to convert the original RGB images into other colour
spaces to eliminate the correlations in the RGB model [3]. The Hue image from
the HSI model has been used by itself [40, 41], while Goto [42] and Kohlberger
[43] classified DAB stained pixels by thresholding all three channels. Pham
[44] adopted the Yellow channel in the CMYK model, which is believed to
have strong correlation with the DAB stain. An OTSU threshold on the YUV
colour space has also been used for positive cell extraction [45]. These simple
thresholding-based classification schemes are straightforward and easy to imple-
ment. However, those colour spaces are not specially designed for DAB stain
separation. So the overlap of different stains in the colour spectrum will makes
it very difficult to separate the stains completely, thus hindering the accuracy of

the stain detection [3].

Colour deconvolution (CD) is perhaps one of the most well known stain separa-
tion approaches. It was first presented by Ruifrok and Johnston [1] in 2001. CD

was developed based on the properties of light when passing through material
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according to the Beer-Lambert law. Ruifrok proposed to deconvolve the RGB
image into three stain component images. Specifically, for a RGB camera cap-
tured digital histopathology image, it is assumed that gray levels in each of the
RGB channels are linear with brightness or transmission 7', with 7" being % By
the definition the transmittance of material sample is related to its optical depth

T and to its absorbance A as

T=—=¢"=10"4, 2.1)

where [y is the intensity of light entering the material sample, and / is the inten-
sity of light detected after passing the material sample. In colour deconvolution
related works, I € R°*" is the matrix of RGB intensities, where ¢ = 3 for RGB
channels, and n = number of pixels. Let M € R°*" be the stain colour appear-
ance matrix whose columns represent colour basis of each stain such that r is
the number of stains (r = 3 for colour deconvolution), and S € R"*" be the stain
density maps, where the rows of which represent the concentration of each stain,

then I can be written as follows:
[ =Ile ™S (2.2)

I should be first converted to Optical Density (OD) values:

1
OD = —loge(l—o) (2.3)

Therefore, optical density is equal to optical depth. OD can be calculated using

above equation.

I = [255,255,255] for a typical 8 bit RGB camera. Both I and I should be nor-
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malized to [0,1] before transform RGB to OD. So the above equation becomes,
OD = —log.(I). (2.4)

Consequently, colour deconvolution is given an observation matrix OD, and em-

pirically estimated M, to find stain intensity map matrix S:

S=M"'0oD. (2.5)
Finally, S should be transformed back to RGB space by:

Srep =€ (2.6)

The Sggp is finally image, and each channel represents the corresponding stain.
The positive stained tissues are separated by thresholding the DAB component

image from Srgp.

A colour deconvolution based stain normalization approach has been proposed
in [46], which demonstrates stable performance with scanner variations. Im-
proved methods have also been proposed for unmixing more than three different
chromogenic stains [47, 48]. However, DAB does not follow the Beer-Lambert
law as the DAB reaction product has a broad and featureless spectrum [49]. Fur-
ther, precise foreknowledge of the dye colour spectra is required which may be

impractical.

Approaches based on mathematical transformation of RGB images are also pop-
ular. The G/B image was used for DAB selection[50], while Ruifrok [51] pre-
sented a BROWN image calculated from the RGB image. Two different Blue
Normalization (BN) filters [2, 3] have been proposed, and both methods achieve

state-of-art performances. All of those methods are developed by calculating the
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Figure 2.1: Visualizations of pixels of P53 stained histopathology images in the
colour spaces of 3 previous methods. Top row: All pixels. Bottom row: Manu-
ally labelled positive pixels.

proportion of blue channel as showing below:

G
G/B=— 2.7
/B=5 2.7)
BROWNZB—O.3*(R+G) (2.8)
255%B
BN = — 2.9
Brey R+G+B ( )
BNp,=B—oa*xR—xG, (2.10)

where o, B < 1 are the weights and normally set 0.5 and 0.25 respectively [3].
Similar to colour deconvolution, these methods separate the DAB stain by thresh-
olding transformed single channel images. Since the transformations specially
designed for DAB stain separation, the separation performances are better than
that of colour space transformations. However, those methods cannot accurately

select the positive stained tissues due to the broad colour spectrum of DAB.

Figure 2.1 plots the pixels of hematoxylin-diaminobenzidine (H-DAB) images
in the colour spaces of three typical of previous methods mentioned above. Fig-
ure 2.1 (a) respectively (d) illustrate the pixels in the HSI cylindrical space for all

pixels, respectively, for manually labelled positive DAB stain only. The pixel dis-
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Strongly stained image DAB component

(a)

Figure 2.2: Comparison of single channel images of strong stained tissues re-
sulting from three previous methods. (a) The original digital image of strongly
stained tissues; (b) the DAB channel from decovoluted image using CD[1]; (c)
and (d) transformed single channel images using BNpyey[”?] and BNg,[3] respec-
tively.

tributions taper as the intensity increases. At low intensity, the DAB stain has a
significantly broader hue spectrum. Similar plots for the other two colour spaces
are shown in Figure 2.1 (b), (¢), (e), and (f). Thus, it is obvious that the DAB
stained pixel colour has a high correlation with its luminance intensity. How-
ever, previous approaches to DAB biomarker detection in digital histopathology
images have been based on transforming the original colour channels to form a
single channel, to which thresholding is then applied to separate the biomarker

from the background.

Figure 2.2 illustrates an example of the resulting single channel images of a
heavily stained tissues using the three previous methods mentioned before. The
reason is that all of those methods only consider the chroma difference. How-
ever, the strongly stained pixels have extreme low values on all RGB channels,
which is unable to give significant chroma difference as moderately stained pix-
els. For instance, the pixel with RGB value of [10,10,10] is extreme darkly DAB
stained have same chroma difference with background pixel of [245, 245, 245].
Therefore, it is seen that using simple thresholding cannot completely separate

the stains especially if the stained tissues is dark.

Consequently, most previous methods focus on chroma-based separation, which

overlooks the influence of the stain luminance. Those approaches have good
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performance on moderate luminance pixels, which have a significant chroma
difference from the background pixels. Nevertheless, the performance is unac-
ceptable on strongly DAB stained pixels with extremely low luminance. Thus,
the luminance of pixels, as one of the most important sources of information,

should be taken into consideration in work on DAB stain separation.

2.2 Cell-level Application

The cell is the basic unit of live organisms. There are about two hundred different
types of cells in the human body, with distinct functional and morphological dif-
ferences. In pathology, recognizing and distinguishing between different types
of cells is the essential work, and histopathologists have sought to exploit the un-
derlying principles of diseases [52]. In this thesis, we only discuss one cell-level
task in the histopathology of cell classification. Note that since cell classification
is based on recognizing the routinely stained cell nuclei, we will not differentiate

the cell and the nucleus in these two applications.

Cell image classification is a typical pattern recognition topic in computer vision,
referring to the task of categorizing the cell images into known classes according
to the extracted information (features). This thesis will categorize the existing
image classification models into two groups: traditional ones based on hand-

craft feature, and those based on deep learning models.

2.2.1 Cell classification based on hand-crafted features

In the field of computer vision, traditional image classification models based on
hand-craft feature normally contain at least two modules: a feature extraction

module and a classification module.
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Based on their processing primitives, we categorize them into three groups:
pixel-level features, region based local features and image-level features. Early
works of cell and nucleus classification utilize pixel-level features. In [53], a set
of features, such as the maximum, minimum, and average gray level, as well as
the stand deviation of gray, are extracted to classify the cell phase. Nevertheless,
the performance of those low-level features is restricted by the quality and the
complexity of input images, since the image noise and complex cellular structure

directly affect the extracted information.

With the development of computer vision techniques, various region-based hand-
craft features have been proposed: Histogram of Oriented Gradient (HOG) [54]
was proposed for the purpose of shape and object detection, and is widely used
for human [55] and vehicle [56] detection; Scale Invariant Feature Transform
(SIFT) [57] consists of two parts: keypoint detection and description. Its appli-
cations include almost all aspects of computer vision, such as image stitching,
object recognition, video tracking, robotic navigation, etc.; Local Binary Pattern

(LBP) [58] has been found to be a powerful feature for texture classification.

Beginning in 2012, a series of HEp-2 cell classification contests have greatly
promoted the development of cell classification [59]. Numerous hand-crafted
models have been introduced. The modified HOG with adaptive robust structure
tensors was proposed for HEp-2 cell classification in [60]. Ghosh et al. [61] in-
troduced a combination of four different features: SURF, HOG, a texture-based
feature, and an ROI-based feature. Nosaka et al. [62] proposed Rotation Invari-
ant Co-occurrence Local Binary Patterns (RIC-LBP), which achieved the highest
cell level accuracy, 68.54%, in the ICPR2012 HEp-2 cell classification contest.
As a improved feature of CoOALBP [63] that designed for HEp-2 cells, RIC-LBP
is more robust to image rotations retains the descriptive ability. Various LBP
features have been introduced for cell classification since then [64, 65], which

are proved have a high descriptive ability for HEp-2 cells.
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Still more image-level features based on local features have been proposed. One
of the most popular methods is the Bag of visual Words (BoW) representation,
which creates a codebook using extracted features, and uses a histogram to rep-
resent the image. The main difference between the various BoW methods is the
codebook generation approach. A BoW feature based on k-means clustering [66]
is widely used in whole image classification. To keep the spatial layout informa-
tion, a discriminative model of spatial pyramid matching (SPM) [67] has been
proposed, which firstly segments the image into increasingly fine sub-regions,
then computes the histograms of the local features inside each sub-region. There
are also other image-level features, such as Fisher vector [68] and covariance ma-
trix representation [69], etc. Those higher level features proved to be the leading
strategy in the last decade before the popularization of deep convolutional neural

networks [70].

Numerous image-level feature based cell classification approaches have been
proposed to improve the classification performance. A typical system combin-
ing LBP and a bag of SIFT features, was the winner of the ICIP2013 HEp-2 cell
classification contest (74.39%) [71]. Similar work using the Fisher vector [72]

has also obtained promising classification results.

Besides the features discussed above, morphological and topological information
has also been extracted so as to be used as features for cell pattern classification
[73, 74]. Broadly speaking, the difference between the various such systems
is their feature selection. LBP and BoW features are the most commonly used
features for cell classification. The CAD systems with specially designed fea-
tures give more accurate classification results. In addition, it is found that fusing

different features is able to promote the performance.

Following the feature extraction, a classifier is used to categorize the image into
different categories. Although there are various classifiers, support vector ma-

chine (SVM) [75] and random forests [76] are the most widely used.
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2.2.2 Cell classification based on deep learning

Traditional image classification approaches with hand-crafted features have one
common problem: It is difficult to choose or design a set of features which will
be well adapted to the whole machine learning system so as to achieve high

classification accuracy.

Deep convolutional neural network (CNN) as one of basic architecture of neural
networks, has been widely used in computer vision tasks. A typical CNN is
built by stacking convolutional and other layers (e.g., pooling, fully connected)
hierarchically, and uses the final loss function of softmax with backpropagation

to find the optimal features and handle the final classification task.

With the dramatic development of deep learning techniques, various deep neu-
ral network based classification models have been proposed [77]. The features
learned from the deep learning model have been proven to achieve better classi-
fication performance than hand-crafted features [78]. AlexNet with 5 convolu-
tional layers, won the ILSVRC in 2012 [79]. Since then, various convolutional
neural network models have been proposed, which have dramatically helped in

the natural image classification task [80, 81, 77].

Deep learning methods have also achieved promising results [82, 83] on histopatho-
logical image datasets, and very recent cell classification systems have applied
the CNN model for feature extraction. A 5-layer CNN model was proposed for
classify colon tumour nuclei with H&E stain[84]. Gao et al. [85] introduced an
8-layer model with the hyperbolic tangent function for HEp-2 cell classification.
Recently, [86] trained CNN model on the mixed HEp-2 image dataset so as to
increase its accuracy. Phan [87] applied a pretraining-finetuning approach on the
ImageNet and ICPR2012 HEp-2 datasets, and got 77.1% cell level classification
accuracy. Li ef al. [88] and Bayramoglu et al. [89] also proposed using a deep

learning based model for HEp-2 cell classification.

19



CHAPTER 2: LITERATURE AND METHODS

The published deep learning systems for cell classification have the following
characteristics: the CNN architectures are similar and straightforward, with a
single cross-entropy loss for the softmax classifier, and the main differences be-
tween models are the number and the depth of the convolutional layers. With the
development of deep learning techniques, recent proposed CNN architectures
for cell classification also become deeper and more complex [90], in order to
archive higher accuracy. Nevertheless, the complex CNN model requires larger
training set than simple models. Since the size of the training set is fixed for open
datasets, researchers have proposed data augmentation, adding other dataset im-

ages, or using transfer learning by pre-training the model on other datasets.

2.3 Image-level Comprehensive Diagnosis

Most of the existing literatures on histopathology image analysis carry out single-
task works, such as positive stain segmentation as discussed in Section 2.1; cell
detection [91] and classification [71]; gland glandular structure segmentation
[92] and tubule detection in breast cancer [93], etc. However, the histopathologi-
cal diagnosis requires a comprehensive assessment of tissue slides. For instance,
in breast cancer, metastasis detection and grading in H&E stained lymph node
digitized images are an essential part of pN-stage classification [94]; while for
confirming tumour histogenesis and subtype (such as the assessments of HER2
expression and histochemical expression), pathologists would take into account

both stain intensity and stain percentage in IHC stained histological slides [95].

2.3.1 Step-by-step method

Researchers rarely propose high-level assessment methods for digital histopathol-

ogy images. Most of the existing image-level comprehensive CAD frameworks
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are step-by-step, which directly follow the assessment criteria by extracting quan-

titative information from the digital images, which comprise several sub-tasks.

Masmoudi et al.[28] proposed an automatic Human Epidermal Growth Factor
Receptor 2 (HER2) assessment method, which is a visual examination of cell
membrane staining in IHC stained tissue slides to gives a score in categories of
{0, 1+, 2+, and 3+} corresponding to no staining, weak, moderate, and strong
staining. After extracting the ROI (region of interests), color pixel classifiers
were trained to classify the image pixels into three classes: epithelial cell nuclei,
epithelial cell membrane, and background. Following pixel classification, ep-
ithelial nuclei segmentation and membrane modelling are performed for quanti-
tative feature extraction. Finally, merged features are fed into a minimum cluster

distance classifier to classify the slides into HER2 categories.

Trahearn et al. [4] established a simultaneous scoring and co-registration process
for IHC stained WSI scoring. Similar to Masmoudi’s work discussed above, the
DAB stained pixels are categorized into four stain intensity groups (unstained,
weak, moderate, and strong) by predefined thresholds, after a two-stage registra-
tion to co-locate the same ROI for multiple sections. Two different detectors are

trained for tumour region and nuclei detection in automated scoring process.

An automatic Ki-67 quantification CAD system is proposed by Shi et al. [96] for
IHC stained nasopharyngeal carcinoma tissues. After a series of image prepro-
cessing of original digital histopathology image, pixels are clustered into one of
DAB and hematoxylin classes based on the local correlation features in multiple
colour spaces. Morphological adjusted and watershed based nuclei segmenta-
tion are then applied for accurate measurements, followed by positive grading

analysis.

All three CAD systems above require a accurate nuclei segmentation and quan-

tification. However, the problems such as the complex cellular structure, stain
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heterogeneity, overlapping, and blur make automatic nuclei segmentation a chal-
lenging problem [22]. The performance still has a certain chasm compared to
with pathologists. In summary, those step-by-step synthetic CAD systems have
a obvious disadvantage that performances are tied to the performance of each

sub-task in the whole process.

2.3.2 End-to-end deep learning based method

With the development of deep learning techniques, various deep neural network
based CAD models have been published. Deep convolutional networks with
deeper architectures can be used to build more complex models which will re-
sult in more powerful solutions. Li [97] used an 88-layer residual network for
human epithelial type 2 (HEp-2) cell segmentation and classification. AggNet
with a novel aggregation layer was proposed for mitosis detection in breast can-
cer histology images [98]. Google Brain presented a multi-scale CNN model
to aid breast cancer metastasis detection in lymph nodes[99]. A deep learning
based system was proposed for the detection of metastatic cancer from whole
slide images. It won the Camelyon Grand Challenge 2016 [100]. A symmet-
ric fully convolutional network was proposed by Ronneberger for microscopy

image segmentation [101].

Digital pathology is relative new compared with other types of medical imaging
such as X-ray, MRI, and CT. Deep learning, as one of the most powerful ma-
chine learning techniques that has emerged in recent years has seen widespread
applications in many areas. Yap et al. [102] investigated three deep learning
models for breast ultrasound lesion detection. Moeskops [ 03] introduced a sin-
gle CNN model with triplanar input patches for segmenting three different types
of medical images: brain MRI, breast MRI and cardiac CTA. A combination of

multi-channel image representation and unsupervised candidate proposals was
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proposed for automatic lesion detection in breast MRI [ 104].

Therefore, we believe that a deep convolutional network can be a powerful tool
for building high-level medical assessment systems. In this thesis, we proposed

a end-to-end deep learning-based model for histochemical score assessment.

Only one similar work is found as far as the present author’s knowledge, which is
a completely data-driven model for tumour proliferation assessment [105]. Sev-
eral deep neural networks are firstly employed for mitotic feature identification
and tumour localization. Deep learning features of WSI (whole slide image) and
patch-based tumour are then computed and aggregated with biological features

for the comprehensive prognostic assessment.

It can be seen that ROI segmentation is one of the key processes in end-to-end
deep learning based comprehensive CAD models. As a typical task in com-
puter vision, numerous deep learning model have been introduced for semantic
segmentation. Long et al. [106] proposed to transform fully connected layers
into convolution layers (FCN) so that traditional classification net could out-
put a heatmap for semantic segmentation. A fully convolutional neural network
(SegNet) consisted of an encoder and a corresponding decoder is proposed by
Badrinarayanan [107]. U shape net [101] is perhaps the most successful model
for biomedical image segmentation. The model has the similar architecture of
symmetric encoder and decoder with skip connection strategy, which is widely

used in later works [108, ].
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Chapter 3

Luminance Adaptive Biomarker

Detection in IHC Stained Images

Accurate and robust computer techniques for automatically detecting biomark-
ers play an important role in digital histopathology. As we mentioned in chap-
ter 2, the colour distribution of the positive immunohistochemical stains varies
with the level of luminance and that a single threshold will be impossible to
separate positively stained tissues from other tissues, regardless how the colour
pixels are transformed. In this chapter, we propose two novel luminance adap-
tive biomarker detection methods. The first, termed Luminance Adaptive Multi-
Thresholding (LAMT) first separates the pixels according to their luminance
levels and for each luminance level a separate threshold is found for detecting
the positive stains. The second, termed Luminance Adaptive Random Forest
(LARF) applies one of the most powerful machine learning models, random for-

est, as a base classifier to build an ensemble classifier for biomarker detection.
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3.1 Introduction

Diaminobenzidine (DAB) is one of the most commonly used stains in Immuno-
histochemistry (IHC), which gives a brown colouration (positive) against a blue
background (negative) counter-stained by Hematoxylin. Measuring the posi-
tively stained areas can provide qualitative assessments of the tissues [38, ].
Traditionally, this is done manually which is not only labour intensive but also
prone to subjective errors. With the increased usage of IHC, it calls for Com-
puter Aided Diagnosis (CAD) systems to support pathologists’ decision making.
Specifically, we need to develop automatic methods for separating the positively

stained tissues from other tissues.

In the literature, various computer-assisted approaches have been developed to
separate DAB stained tissues in digital histopathology images [44, 40, 42, 43,

, 1, , 50, 51, 2, 3]. Although significant progress has been made in sepa-
ration accuracy, there are still several factors affecting the performances of those
automatic approaches, such as the concentration of chemicals and the thickness

of tissue slides.

In contrast to existing methods that mostly employ simple classification tech-
niques, we firstly propose a Luminance Adaptive Multiple Thresholding (LAMT)
method to improve the traditional single thresholding based approaches. Sec-
ondly, we develop an advanced machine learning technique termed Luminance
Adaptive Random Forest (LARF) classification method for DAB stain segmenta-
tion and quantification. Random forest is regarded as one of the most successful
machine learning algorithms for developing fast and scalable classifiers [113].
Based on the nature of the problem, our model is an ensemble of random forests,
each sub-forest works independently and is adapted to a specific level of lumi-
nance. We will present experimental results to show that luminance adaptive

approaches can significantly improve the separation performance, and the ran-
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dom forest is ideally suited for biomarker detection.

3.2 Luminance Adaptive Approach for DAB Stain

Detection

Based on the analysis of past methods, we propose luminance adaptive approach
consisted of multiple thresholding and random forest for DAB stain separation
and quantification. We treat luminance as one of the most important information
in this work. Pixels are divided into specific luminance intervals before thresh-

olding or classification.

Luminance represents the luminous intensity of images, and human vision has
finer spatial sensitivity to luminance. Different from luma, luminance is the
weighted sum of RGB components without gamma-correction. In this paper,
normalized luminance /(p) of pixel p = [R,G,B] is calculated according to the

ITU-R BT.709 ':

1(p) = (0.2126 X R+0.7152 x G+0.0722 x B) /255. 3.1)

3.2.1 Luminance adaptive multiple thresholding

To improve the performance of single threshold approaches, we use multiple
thresholds T = {11,12,...,7;} on the final single channel images. Specifically, the
transformed pixel 7(p) using traditional methods is divided into I equal intervals

according to the luminance:

T(p) ={np) € t(p)|& <l(p) < G}i=1,..,1 (3.2)

"Wikipedia: ITU-R Recommendation BT.709, more commonly known by the abbrevia-
tions Rec. 709 or BT.709, standardizes the format of high-definition television, having 16:9
(widescreen) aspect ratio.
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where &;, {; are lower and upper boundary of ith luminance interval. Then we
threshold the transformed pixel with different values according to its luminance
instead of a single threshold. Thus, the threshold ¢#; is assigned using binary

classification as follows:

t; = argmax P(c|7;(p)) (3.3)
ce¥

where % = {co,c) } is the label.

3.2.2 Luminance adaptive random forest

In this work, we treat DAB stain separation DAB biomarker detection as a pattern
recognition problem and employ a widely used classification model, random for-
est, at its core. Considering the stains spectrum spread varies with intensities, we
explicitly adaptive the random forests to different luminance levels. We believe
this 1s the first time a powerful pattern recognition technique has been applied to

the detection of biomarkers in digital histopathology images.

Feature extraction

For each pixel p, we extract three different types of features to form a 5 dimen-
sional feature: v(p) = (Vpag, Vcr, Vb, Vi, Vs) € R. vpup is the DAB component
of CD image calculated according to pre-set stain vectors [ | ].We propose to con-
vert the RGB images into YCbCr colour space, and extract Cb and Cr channel
information. YCbCr is a method of encoding RGB information, rather than an
absolute colour space. Cb and Cr are chroma components of blue-difference and

red-difference respectively:
Cb(p) = —0.16874 x R+0.33126 x G+ 0.5 X B; (3.4)

Cr(p) = 0.5x R—0.41869 x G —0.08131 x B. (3.5)
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Figure 3.1: The overhead view of H-DAB image pixels in YCbCr space.

The properties of YCbCr are very suitable for DAB separation. The main in-
gredient of DAB stained brown colouration is Red, followed by Green and Blue;
while hematoxylin-stained tissues are Blue (see Figure.3.1). Therefore, two dif-
ferent stains can be accurately separated according to Cb and Cr information. In
this work, YCbCr values are converted from RGB data. In addition, Hue and
Saturation channel values of HSI model are also involved, since the components

are correlated better with human perception of color.

Forest training and testing

Similar to LAMT, the training process firstly divides the extracted feature 2~

into I equal intervals according to the luminance:

Zi={v(p)e Z|E<I(p)<&Yi=1,...1 (3.6)

In our method, instead of training single forest, our model is an ensemble of 1
sub-forests: ¥ = {¥,¥>,...,¥;}. The size of each forest is K, while the whole

system has N = K x [ trees. The sub-forest ¥; is trained independently with
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corresponding training set 2.

The linear split function is used for node splitting, which is setting a threshold on
one feature dimension of v(p). For binary classification, the best situation is that
the subset on child nodes are pure containing only positive or negative stained

pixels. In this case, we use the widely utilized information gain criterion [ 14]:

1]
Score = NE = ——E(.%]
7P

_
-]

E(S) (3.7)

where . is the training set at split point, while .#; and ., represent the train-
ing images contained in the left and right child node respectively. E(.¥) is the

Shannon entropy of ., and |.#| is the number of sample contained in .~

Given a new unlabelled pixel p*, we firstly extract the luminance /(p*) and fea-
ture v(p*) information. The luminance information will identify which sub-
forest this pixel falls into and the features are fed into the sub-forest for deci-

sion making. Specifically, v(p*) is pushed through each tree of forest V-, if

1(p) € [& G-

3.3 Experiments

3.3.1 Dataset

We conducted DAB separation experiments on the digital slides from two dif-
ferent kinds of DAB-H stained images: Whole Slide Images (WSI) and tissue
microarray images (TMA). Both are human colorectal adenocarcinomas slides
using the biomarker P53 (nuclear activity), and captured with a x40 objective
lens and scanned using a Hamamatsu scanner (see Figure 3.2). Each type con-
tains 50 images of 1680 x 1050 pixels. The positively stained nuclei pixels were

manually labelled as described in [112].
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Figure 3.2: Example of DAB-H stained images in dataset.

3.3.2 Evaluation metric

Our results were compared with three state-of-the-art automated separation ap-
proaches: CD[ 1], Brey’s BN[2], and Fu’s BN[3]. To verify our luminance adap-
tive approach, we implemented LAMT on those three previous methods. We
compared LARF with two conventional random forest models. One of the mod-
els used five dimensional features (5-RF) as described in Section 3.2.2, and the
other one was trained with six dimensional features (6-RF), which include the

luminance as a feature.

A 2-fold cross validation procedure was employed in the experiment, and we
repeated the experiment 10 times to test the robustness of the technique. In each
2-fold cross validation, the images were randomly divided into two parts, one

part was used for training and the other for testing.

The separating results of the proposed method were compared with manual la-
belled positive stained nuclei tissues. We employed two criteria to measure the

accuracy: misclassification and F1 score.
) Misclassified area

Total image area

MisClassification =

(3.8)

F1 score is the harmonic mean of precision and recall, where precision and recall

TP TP
L andR:|T| |

are defined as P = W W

respectively.
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erval I; (b) Precision-recall curve of different methods for DAB-stained
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3.3.3 Results

We firstly performed experiments to test the performance of each method for
different numbers of luminance intervals /. Figure 3.3(a) shows that the mis-
classification rates decrease significantly as [ increases for all four methods. We
found that / = 10 worked well and further increase / did not improve the results.
It is seen that our method achieves the lowest misclassification rate across all /
followed by LAMT-CD. It is seen that Fu’s BN gives a higher misclassification
rate with / = 3 than / = 2. One possible reason is that the tolerance of luminance

are not suitable for Fu’s mathematical transformation method.

Figure 3.3(b) shows the precision-recall curves for each approaches, again, our
technique performed the best. Table 3.1 summarises a comparison of misclassifi-
cation performances (averaged over 10 experiments) of traditional single thresh-
old and LAMT on three previous techniques; while Table 3.2 compares the re-
sults of random forest based approaches. It is seen that using the Luminance

Adaptive approach, all methods have seen a significant improvement.

Method Misclassification (%) | F1 Score
CD [1] 4.81 0.812
LAMT —CD 1.83 0.884
BNgyey [7] 10.66 0.714
LAMT — BNp ey 2.15 0.877
BNFgy [3] 5.63 0.780
LAMT — BN, 2.09 0.831

Table 3.1: Performance comparison of traditional single thresholding method
and LAMT method with three previous approaches.

Both 5-RF and 6-RF have 100 tress, and the each sub-forest in LARF also has
100 trees. It is also worth noting that a random forest that included the luminance
as a feature (6-RF) also achieved a lower misclassification rate (1.89%) than all
previous methods. This demonstrates that random forest can be used as a pow-

erful classifier for accurately detecting biomarkers in digital pathology images.
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In this case, the luminance is treated by the random forest as a separate feature
and the ways it is used for separating the biomarkers are found through the ran-
dom forest construction mechanism. Whilst including luminance as a feature
worked well, pre-segmenting the luminance and building sub-forests adaptive to

the luminance level gave the best performances.

We also compare the computational time of different random forest based mod-
els. MATLAB is used as the software environment, and the evaluation computer
has an Intel Core 17 3.40 GHz and 16 GB memory. The computational time
shown in Table 3.2 is the testing time of a single test image of 1680 x 1050 pix-
els. It can be seen that our proposed LARF takes less time than 5-RF and 6-RF.
One possible reason is that luminance division reduces the complexity of some

sub-forests, which directly accelerates the computation.

Consequently, the result indicates that hitherto ignored luminance is the key for
solving the problem of incomplete separation caused by DAB featureless colour
spectrum, and packet-based DAB stained pixel selection according to its lumi-

nance is simple and efficient.

Method || Misclassification (%) | F1 Score | Computational Time (S)
5-RF 2.38 0.863 5.37
LARF 1.53 0.905 4.01
6-RF 1.89 0.887 5.69

Table 3.2: Misclassification, F1 score, and computational time of random forest
based methods.

3.4 Summary

In this Chapter, we have presented a novel quantitative analysis method for H-
DAB stained digital images. Our model treats luminance as a very important

information for DAB segmentation and trains several sub-forests separately each
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adapted for a specific level of luminance. We conducted a series of experiments
to evaluate the new method. The results demonstrate that misclassification errors
can be significantly reduced by including luminance information in the decision
making for both traditional methods and for random forest classifier. Luminance

adaptive random forest approach is shown to give the best performances.

Our proposed models still have room for improvement. The experiment shows
that the misclassification rate would not be improved after luminance interval
I > 10, and equal division of luminance may not suitable for all DAB sepa-
ration methods. Therefore, dynamic self-adapting approach will be developed
in the future work. In addition, we found that DAB stained pixel labelling is
time-consuming, and suffered from subjective mistakes. Unsupervised learn-
ing, semi-supervised learning, or online machine learning based models for stain

separation task are highly desired.
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Chapter 4

Object Graph Based Feature for
HEp-2 Cell Classification

In traditional cell classification works, the selection of hand-craft features di-
rectly affects the final classification performance. In this chapter, we introduce a
novel object-based method to decompose the binary image into primitive objects
and represent them with a set of morphological features, after careful observation
of Human Epithelial type 2 (HEp-2) cell images. The advantages of this system
are as following: robustness against the changes of intensity and rotation; more
discriminative information compared to normal morphological descriptors. We
evaluate the proposed approach using the publicly available HEp-2 13A-2012
datasets. The experimental results show that the proposed method achieves com-

parable performance with the hand-craft feature based methods.

4.1 Introduction

Indirect Immunofluorescence (IIF) detects target anti-nuclear antibodies (ANA)

with fluorescent-labelled antibodies so that the target molecule with a cell can
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be visualized via the fluorescence microscope. The recognition of HEp-2 cells is

one of the core challenges for ANA tests.

Unfortunately, the process of IIF is complex and time-consuming. In addition,
manual analysis is the primary way to identify the fluorescence pattern, which
is heavily dependent on the experience of pathologists [12]. Hence, Computer
Aided Diagnosis (CAD) systems are proposed to overcome these limitations,
and support the pathologist’s decision. Specifically, an automatic classification
scheme based on staining pattern is arranged to reduce time cost, and provide
a reliable diagnosis based on its quantitative measurements. There has been a
growing interest in using CAD for HEp-2 classification since the organization
of contests hosted by ICPR 2012 , ICIP 2013, and ICPR 2014. Lots of CAD
systems have been introduced since then, which have greatly promoted the de-

velopment of HEp-2 cell classification.

In spite of the significant progress of HEp-2 cells classification, there is still a
large margin for improvement of the performance. In this chapter, we first adopt
a series of pre-processing techniques for noise removal and image enhancement.
Along with a set of local gradient based textural descriptors, we propose an effi-
cient object-graph based method to extract morphological and shape information,
which is specially designed for the I3A-2012 dataset. Finally, the object-graph
based feature combined with local texture feature using the bag-of-word model

to improve the classification accuracy.

4.2 Methodology

4.2.1 HEp-2 Image

According to the intensity of fluorescence, HEp-2 cell images can be divided into

three levels: absence, intermediate, or positive [73]. In this work, we only con-
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Figure 4.1: Example of HEp-2 cells. The top row illustrate intermediate images,
while the bottom row shows positive stained cells. The staining patterns from left
to right are homogeneous, coarse speckled, centromere, nucleolar, fine speckled,
and cytoplasmic respectively.

sider the 13A-2012 HEp-2 cell images, which is consisted of six most frequent

patterns corresponding to different autoimmune diseases[ | 15]:

e Homogeneous (H): a diffuse staining of the interphase nuclei and staining

of the chromatin of mitotic cells

e Coarse Speckled (CS): a coarse granular nuclear staining of the interphase

cell nuclei

e Centromere (C): several discrete speckles distributed throughout the in-

terphase nuclei
e Nucleolar (N): large granules in the nucleus, and less than six per cell

e Fine Speckled (FS): a fine granular nuclear staining of the interphase cell

nuclei

e Cytoplasmic (Cy): fine fluorescent fibers running over the length of the

cell.

37



CHAPTER 4: OBJECT GRAPH BASED FEATURE FOR HEP-2 CELL
CLASSIFICATION

(a)

Figure 4.2: (a) is the green channel image of intermediate stained HEp-2 cell;
(b) 1s the image after normalization; (c) is the image after all pre-processing
procedure.

Examples of two intensity levels and six patterns are shown in Figure.4.1.

4.2.2 Pre-processing

Intermediate cells have extremely low intensity (as shown in Figure.4.1), which
is caused by high dye concentrating in parts of slides. Due to that, the classifi-
cation task is harder than expected. Thus, we first pre-process all cell images in

order to extract reliable information for classification.

Since IIF stained images appear green under a fluorescence microscope, and
most information is in the green channel, we only extract the green channel from
the original RGB image. Contrast stretching is employed to normalize the image.
The processed image brings out improved brightness and many subtle details
(Figure 4.2(b)). As texture information is extremely important, the normalized
image is firstly filtered with a Gaussian filter for noise removal, then convolved
with a Laplacian kernel for image sharpening. Further, the effect on background
caused by normalized could be reduced by Laplacian filter. Figure 4.2 com-
pares the original green channel image with the normalized image and the full

processed image.
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4.2.3 Feature extraction
Object-Graph

The shape and morphological information of HEp-2 have been attracting in-
creasing attention of researchers [73, ]. In this section, we will introduce
the object-based morphological feature extraction method. More specifically,
the image would be decomposed into a set of primitive objects and then a set of
features according to those objects will be extracted. A similar method is first

proposed for gland segmentation [117].

We would first interpret why object graph could have a good performance on
HEp-2 cell images. It is obvious that homogeneous, fine speckled, and coarse
speckled have circle shapes, while the region with high intensity in centromere
and nucleolar can also be replaced by circles. Thus, the stained patterns could be

transformed to a set of circle objects.

The object-based method comprises a series of analysis steps. In the first step,
we binarize the image using N increasing intensity thresholds. Binary masks
and foreground pixels representing the cell pattern could be obtained according
to those thresholds as shown in Figure 4.3. The first threshold 7,,;; is calculated
by K-means clustering on the histogram of cell images. Two intervals of the his-
togram are then equally segmented by / background and J foreground thresholds.

Thus, the entire threshold set can be defined as:

T = [TblaTb%’"7Tb17Tmid7Tfl7Tf27"';Tf.l]a (41)

while N =1+ J + 1. Consequently, N + 1 binary masks can be produced with
N intensity thresholds. In addition, we also transform the hole region in binary
mask to circles, to distinguish coarse speckled and fine speckled patterns from

others. Based on the observation of different binary masks, we the founded that
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the feature extracted from middle threshold binary images are more discrimina-
tive, and middle hole images are also informative for cell pattern recognition.
Thus, five binary masks and two hole masks are extracted for circle-transform,
i.e.,

M = [Bpr, Bmia,Bf1,By2, B4, Hp1,Hpr), 4.2)

where B is the binary mask, H is the hole mask, and the subscript denote the

threshold index.

Algorithm 1 Circle-Transform Algorithm
Input: I: binary mask; 7: radius threshold
Output: I;,,,: transformed image
function INTCIRTRANS(Z, T)
Iloop 1
for loop <=2 do
[ItranS7Rmax] %CIRTRANS(Iloop)
Eliminate small circle using 7
Eliminate pixels except the circle with R,,,, in each connected region
Get I} for next loop
end for
return
end function
function CIRTRANS(/;,,)
CRN <—number of connected regions
for i <= CRN do
pixNum <—pixel Number in i’
for j <= pixNum do
Ripax < 0
Find the largest circle with radius R;
if Rj > R4 then
Label the pixel in the circle with R;
end if
end for
end for
return Itransa Rinax
end function

h connected region

After eliminating non-cell regions using size-based probability, the foreground

pixels in binary masks are then transformed into circle objects. Specifically,
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Figure 4.3: Examples of binary images (top) obtained by different thresholds on
a centromere HEp-2 cell image, and corresponding circle-transformed images
(bottom) extracted using Algorithm 1.

for each positive pixel, we find the radius of the largest circle that contains this
particular pixel as the centre of the circle in the independent region. We repeat
this process on the remaining positive regions, and eliminate the circle with the
radius under an empirically determined threshold 7. The pseudocode of circle
transform algorithm is given in Algorithm 1. Figure 4.3 illustrates the binary

image and corresponding circle-transformed image.
For each transformed image, we extract morphological properties as below:

e The maximum, the minimum and the average area of the foreground re-

gion;
e Average circularity of the foreground connected components;
e The number of circles per connected components;
e Total number of circles;
e The maximum, minimum and average radius of circles;
e the coordinate of the maximum circle.

The circularity is calculated by dividing the area by the squared perimeter: Cir =
%. Consequently, a representative vector of size 11 is extracted on each circle-

transformed image, which is finally combined as a morphological descriptor of
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size 77.

Spatial Pyramid Matching

Spatial Pyramid Matching is an extension of the bag-of-words scheme, which
represents the image as a sparse vector of occurrence counts of words [ 18].
Conventional pyramid matching works by computing the weighted histogram
intersection using multi-resolution histograms [119]. While SPM is performed

in the two-dimensional image space with bag-of-words feature space.

The dense SIFT [57] of 16 x 16 patches is employed to describe the cell image.
For better discriminative power, we propose rootSIFT [120] rather than skipping
normalization in conventional SPM. SIFT vectors are first L;-normalized, and

then square root each element, i.e.,

Vi .
vi=,/ i=1,2,..,128 (4.3)
VI

K-means clustering is performed on the rootSIFT feature from the training set to

form a codebook, where the size of the cookbook is denoted by M. A sequence
of grids divides the cell image into 4/ finer spatial regions of each scale, where
I € R denotes the level of resolution. We weight each of histogram according to
Mercer kernels [1 18], and then concatenate those histogram into one descriptor
of dimensionality

D=M y 4l. (4.4)
1=0

4.2.4 Classifier

The object-graph based feature and the spatial pyramid matching histogram are

then fused into one representative vector. We normalize the combined feature
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with L, norm before training. Random forest with CART is proposed to train a

model for classifying the stained pattern.

4.3 Experiments

4.3.1 Dataset

I3A (Indirect Immunofluorescence Image Analysis)-2012 dataset that introduced
in ICPR HEp-2 cell classification contest dataset was used to evaluate our method.
The dataset contains 28 slide images which captured by a 50 W mercury-vapor
lamp and digitalized with a resolution of 1388 x 1038. Pathologists categorized
the dataset according to different patterns and fluorescence intensities (positive
or intermediate). The slide image was partitioned into a training set of 721 cell
images and a test set of 734 cell images. Table 4.1 shows the detailed informa-
tion of I3A dataset. The top row of each cell type reports the positive stained
information, while bottom row for intermediate. Each item gives the number of

slide image and cell image (in parentheses).

Type Training Set | Test Set | Total
homogrneous 21((14073)) 11((16119)) 3%3
Course Speclea | 168 | 26913139
Conromere | ®9) 289 11 3063)
Nucleolar e | 168 | 2012
FineSpeckied | 100 | 16D ] 207)
Cropasmic | 1G9 |00 1109
w25 | 16 | 146ed

Table 4.1: Composition of the HEp-2 I3A-2012 images dataset.
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4.3.2 Results

All experiments strictly followed the rule of contest. We resized the cell image
to 128 x 128, and expanded the training data by rotating the resized image 90°,

180° and 270°. The random forest classifier contains 200 decision trees.

We first tested the performance of the object-graph algorithm with different num-
bers of background and foreground thresholds. I were chosen from 3 to 5, while
J were from 4 to 8. Table 4.2 shows the relationship between the accuracy and
the number of thresholds. The highest accuracy is 66.45% with 5 background

thresholds and 5 foreground thresholds respectively.

IAccuracy (%)\J 5 6 . 3
3 59.68 | 58.36 | 55.90 | 54.11
4 62.45 | 61.79 | 60.95 | 58.64
5 66.45 | 64.16 | 62.35 | 59.67

Table 4.2: The variance of classification accuracy against the number of binary
mask thresholds.

The level of the pyramid in our experiment is L = 2, and the dictionary size is
M = 500, which gives the best classification rate of 69.18%. Thus, the final
SPM feature has 10500 dimensions. There is no significant increase in accuracy
beyond M = 500. Further, the computational complexity increased dramatically

with dictionary size.

The object-graph based feature and SPM were finally combined as a 10577-
dimensional feature vector. Table 4.3 shows the confusion matrix of the com-
bined feature. Our method gives the best accuracy on centromere cells followed
by homogeneous. Fine speckled cells were the main source of error, which were
easily misclassified as homogeneous. Table 4.4 compares the overall classifica-
tion rate with other methods. The SPM has a better performance than RICLBP,

the winner of ICPR 2012 contest. The overall accuracy of our method is compa-

44



CHAPTER 4: OBJECT GRAPH BASED FEATURE FOR HEP-2 CELL
CLASSIFICATION

rable to the winner of the ICPR 2014 contest.

H CS C N FS Cy
H 162 6 0 0 12 0
cs |5 79 4 0 13 0
C 0 1 136 12 0 0
N 3 14 10 83 4 25
FS 49 27 13 0 25 0
Cy |0 2 2 0 0 47

Table 4.3: The cell level confusion matrix of our algorithm.

Method Overall Accuracy (%)
Nosaka [62] 68.53
Kazanov [121] 70.57
Shen + BOW [71] 74.39
Object-Graph 66.45
SPM 69.18
Object-Graph+SPM 72.47

Table 4.4: Performances of different algorithms on the I3A-2012 dataset.

4.4 Summary

In this chapter, we presented a novel automatic system for HEp-2 cell image clas-
sification. A set of morphological properties are extracted from a set of circle-
transformed images. Spatial pyramid matching is introduced to describe the tex-
ture information. Those two features are fused into one vector, and the random
forest is utilized to classify the IIF stained patterns. The proposed scheme was
evaluated on I3A-2012 HEp-2 dataset and achieved competitive accuracy com-

pared to other hand-craft feature based classification methods.

There exists some limitations in our model. For instance, the SPM feature is
not rotation invariance. Thus, future work will try to design new BoW model to
strengthen the robustness of image rotation. Another is that two different fea-

tures are added directly without pooling. Whether pooling or feature dimension
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reduction for this model is necessary will be examined. In addition, more classi-

fiers such as SVM will be used in the future work.
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Chapter 5

Cell Classification via Deep
Autoencoding-Classification

Network

In the last chapter, we have studied the cell classification problem by object-
graph based feature. Nevertheless, it is proposed especially for HEp-2 cell and
lack of robustness. Motivated by the significant performance and robustness of
deep learning on various computer vision tasks [78], we present a novel deep
learning model termed Deep Autoencoding-Classification Network (DACN) for
cell classification. Our proposed model consists of an autoencoder and a normal
classification convolutional neural network (CNN), while the two architectures
share the same encoding pipeline. We evaluate the proposed model on three
publicly available datasets. In a series of experiments, we show that this archi-
tecture is able to achieve higher cell classification accuracy than CNN, and is
particularly effective when the training dataset is small which is often the case in

medical imaging applications.
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5.1 Introduction

Automatic cell classification approaches on pathological digital images are con-
strained by several factors. The dimension of human cells is between 1 to 100
micrometres, which means the corresponding image resolution is relatively low
(image size normally is smaller than 30 x 30 pixels with 20x optical magnifica-
tion). It is a challenging problem to extract information from such a small image.
On the other hand, high variability in the appearance of the same type of cells,
overlapping, and heterogeneity also affect the classification accuracy as shown in
Figure.5.1. Training CAD systems need manually label digital image, however,
these problems make labelling work extremely laborious. Thus, maximizing the
utilization training set, which extracting so much useful information as possible

is the key for cell classification CADs.

(a) H&E (b) IIF

Figure 5.1: Examples of digital histopathology cell images. (a) is H&E stained
colorectal adenocarcinomas image with 20x optical magnification; (b) is 40x
magnification IIF HEp-2 cell image.

Recent years have witnessed the increasing popularity of deep learning methods
in computer vision applications. Deep convolutional networks have significantly
promoted the image classification performance [79, 80, 81]. However, different
from large scale nature image visual recognition task, the CNN model used for
histopathological images are much simpler because of the small training set and

image size [86, 84].
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Since previous works have proved that unsupervised learning is extremely useful
in deep neural network [ 122, 123], in this chapter, we propose Deep Autoencoding-
Classification Network (DACN), which maximize the utilization of the limited
training set using unsupervised learning. Inspired by [123, ], DACN embeds
a deep convolutional autoencoder into the normal label prediction network as
shown in Figure 5.2, the two networks share the encoding pipeline. The DACN
model is jointly optimized according to two loss functions, one is the classifica-
tion error and the other is image reconstruction error. The autoencoding learning
procedure forces the encoder output to capture information which will enable
to reconstruct the input. This ensures that the encoder part captures the full in-
formation of the input to improve performances in the classification network.
The proposed method is evaluated on three datasets: 13A-2012 HEp-2 image
dataset, I3A-2013 HEp-2 image dataset, and CRCHistoPhenotypes dataset. We
will show that this architecture is particularly effective when training dataset is
small and is able to mitigate the overfitting problem. We will present experimen-

tal results to demonstrate the effectiveness of our new model.

5.2 Deep Autoencoding-Classification Network

We begin with a review of the traditional CNN model. A convolutional classifi-
cation network F is a composition of a sequence of layers that maps image data
of the input space 2 to output label space % ( F: 2" — #%'). Given an input

x € X withits label y € ¢, CNN is trained by solving the optimization problem:

lN
argmin— Y [(F(x;, W), y; (5.1)
min 3, 311(F W), )

where [ is the cross-entropy loss, and W is the parameters of the classification

model.
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Output

o

Decoder

Encoder

Classifier

Figure 5.2: The overall architecture of deep convolutional autoencoding-
classification network.

In our DACN model, we separate the CNN pipeline into an Encoder fe, and
Classifier fo, and add an additional convolutional Decoder fy. after fe, as shown
in Figure 5.2. Therefore, the DACN model is composed of an unsupervised deep

autoencoder Fa and a supervised classification model Fc.

FA = fen o fdea (52)

FC = fen OTel. (53)

The parameters of DACN are also divided for two sub-models according to the
architecture: Wy = {W,,, Wy, } and We = {W,,,, W, }. Two sub-models share
the encoder part. The rationale of DACN is that the encoder trained by autoen-
coder can provide useful information for classifier. Because it forces the hidden
layer outputs to contain input information, which will enable a reconstruction of

the input.

The model is optimized using multi-task learning according to two learning ob-

jectives. The deep autoencoder is trained to minimize the error between input
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image x; and the reconstructed image Fa (x;) as:

M
a%({wenawde}> - ZlA(FA<xj; {Wenywde})vxj)7 (54)

J

where I, forms the traditional square error ||x— Fa (x;)||>. While the loss function

of classifier part is similar to Eq.(1):
N
ZLe({Wen,Wa}) = ZIC(FC(X:‘, {Wen, Wer }), i) (5.5)
Consequentially, the total loss of CACN model is
e%fot = )LgA({Wedee}) + gC({WenaWcl}>- (56)

where A is the trade-off between two different losses. Similar to [124], the deep

autoencoder and CNN classifier are trained alternately.

5.3 Experiments

5.3.1 Datasets

In this work, the proposed deep learning model is evaluated on three different
datasets with different stain types and magnifications (e.g., CRC, I3A-2012, and
I3A-2013). For CRC and I3A-2013, datasets were randomly divided into three
subsets: 64% for training, 16% for validation, and 20% for the test; while I3A-
2012 has specified training and test set. Since the size of I3A-2012 is small, the
proposed model is evaluated on CRC and I3A-2013 datasets without I3A-2012.
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Figure 5.3: Example patches of different types of nuclei in the CRC dataset. (a):
Epithelial, (b): Inflammatory, (c):Fibroblast, and (d): Miscellaneous.

CRCHistoPhenotypes Dataset

The CRC dataset [84] contains 100 H&E stained digital images of colorectal
adenocarcinomas with a common size of 500 x 500 pixels. The images were
cropped 10 whole slide images (WSI) from 9 patients with no overlapping area,
and scanned by Omnyx VL120 scanner at the high resolution of 20x optical
magnification. The cropped areas contain both normal and malignant regions,
and also comprises over-staining and out-of-focus areas. There are 20,619 nuclei
that have been labelled with associated classes, i.e. Epithelial (E), Inflammatory
(D, Fibroblast (F), and Miscellaneous (M) (see Figure 5.3). The nuclei labelled
with inflammatory include lymphocyte plasma, neutrophil and eosinophil; while
miscellaneous nuclei consist of adipocyte, endothelium, mitotic figure, nucleus
of necrotic. Since the cell images are cropped from 500 x 500 images with the
window size of 27 x 27, we eliminate the cell at the edge of the image that only

uses 20,436 cell images.

52



CHAPTER 5: CELL CLASSIFICATION VIA DEEP
AUTOENCODING-CLASSIFICATION NETWORK

13A-2012 Dataset

The dataset is same as that used in Chapter 4, which contains six different pat-
terns of Homogeneous (H), Coarse Speckled (CS), Centromere (C), Nucleolar
(N), Fine Speckled (FS), and Cytoplasmic (Cy). The example images can be

seen in Figure 4.1.

13A-2013 Dataset

(@ H

@ C (e) NM ® G

Figure 5.4: Example images of different types of nuclei in the I3A-2013 dataset.
(a-f) are Homogeneous, Speckled, Nucleolar, Centromere, Nuclear Membrane
and Golgi respectively.

We also evaluate the proposed method on the I3A-2013 training dataset which
used in ICIP 2013 and ICPR 2014 HEp-2 cell classification contests. The dataset
contains 13, 596 images, which acquired through fluorescence microscope with
40-fold magnification. Different from the I13A-2012 HEp-2 cell contest dataset,
each image belongs to one of the six staining patterns: Homogeneous (H), Speck-
led (S), Nucleolar (N), Centromere (C), Nuclear Membrane (NM) and Golgi (G)

as shown in Figure 5.4.
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5.3.2 Image preprocessing and data augmentation

The cropped cell image size from CRCHistoPhenotypes dataset is 27 x 27, and
then resize to 56 x 56; while all HEp-2 cell images are resized to 78 x 78. The
CRCHistoPhenotypes uses all three RGB channels; while only the green channel
is extracted for IIF stained HEp-2 image, since most information is in the green

channel.

Since intermediate HEp-2 cell images have intermediate staining with extremely
low intensity, we first pre-process all images in order to extract reliable informa-
tion for classification. Specifically, all images are normalized by following gray

level stretch equation:
Iyri — min (Iori)

Liew = .
" max(I,;) — min(1,y;) .7

where I,,; denotes the input image, and min(-) and max(-) are computing the

minimum and maximum intensity value respectively.

The data balance and the number of training examples directly affect the per-
formance of deep learning networks. The normal method for cell classification
work is rotating each image with fixed angle steps [85, 87]. In this work, we
first balance the data by mirror horizontally and rotation the image with fixed
angles (90°,180°,270°). During CNN training, the training set is augmented in
three ways at the same time: rotation with random angles, mirror horizontally,

and randomly shift the image horizontally and vertically within 10%.
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5.3.3 Network architecture
Architectures

The CNN architecture utilized for two different datasets are same. The encoder
parts are based on AlexNet [79], and the proposed encoder architectures are more
elegant and efficient. The input image size are 56 x 56 x 3 and 72 x 72 x 1 for
CRC and I3A datasets respectively. While the corresponding reconstructed out-
put is the half size of the input, and the reconstruction image for CRC image is
grayscale. The reason is that only the morphology of cells is useful for classifica-
tion instead of detail texture information. Thus, reconstructing a half size image
would force the model to learn more morphological information for reconstruc-

tion.

The encoding path uses 2 x 2 maxpooling operation for downsampling; while
the expansive path upsamples previous feature channels by 2 x 2. The detailed
architectures of the convolutional encoder and decoder are shown in Table.5.1,
while f; contains two fully connected (FC) layers before softmax. To avoid
overfitting, we add dropout layers with 0.1 after each convolutional block in
encoding pipeline, and two dropout layers after the last maxpooling layer and

FC layer with 0.3 and 0.5 respectively.

5.3.4 Implementation details

The model is trained by alternately minimizing .Z4 and Z¢. In the implemen-
tation, the decoder uses sigmoid for reconstruction, and is configured with op-
timizer of Adadelta [125]; while stochastic gradient descent (SGD) is used for

softmax.

The unsupervised autoencoder is firstly trained before classification as a regu-

larizer for small training set (In this project, if the training set is smaller than
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Encoder fe, Decoder fye
Layer - .
Type Ir%put/F%lter Type In‘putlFl'lter
Dimensions Dimensions
0 1 56x56x1
1 C 16x7x7 U 2%x2
2 M 2x2 C 64x3x3
3 C 32x5x%5 U 2x2
4 C 32x3x3 C 32x3x%x3
5 M 2%x2 C Ix1x1
6 C 48x3x%x3
7 C 48x3x3
8 C 48x3x%x3
9 M 2%x2
10 C 64x3x3
11 C 64x3x3
12 C 64%x3x%x3

Table 5.1: Architecture of the encoder and decoder parts of the Deep
Autoencoding-Classification Network. The pipeline consists of Input (I), Con-
volutional layer (C), Maxpooling layer (M), and Upsampling layer (U).

test set). Autoencoding as pretraining was first proposed in [123], which aims
to improve the supervised deep learning classification accuracy. Although this
method has fallen out of fashion, our experimental result shows that the unsuper-
vised training helps to provide a better starting point for the classifier network

than random initialization on a small training set.

The stopping criterion during training is determined by monitoring the two losses.
The process of training autoencoder is stopped when the validation reconstruc-
tion loss converges; while classification process is stopped after the training loss
stabilizes or monitoring overfitting. It is empirical to choosing the values of 4
during the alternative training procedure. In this work, the weighting factor A is
initially set to a range between 2 and 4 for autoencoder. During alternative train-
ing procedure, we decrease the value to [0.6 - 1]. Moreover, learning rate decay
is utilized to increase performance, which decreases the learning rate values of

both processes after a loop. In this work, the total training process needs 3-4
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loops.

We implement our model using Keras based on Tensorflow [126]. The network

was trained on single GeForce GTX 1080ti GPU with 11GB RAM.

5.3.5 Performance analysis
Model Evaluation

The proposed DACN contains two outputs, and each has its own loss function.
In this work, we propose alternatively optimize the DACN model, while the
model can also be optimized at the same time with one combination loss. During
training procedure, A is the key parameter in DACN model, and A is decreased
during the training procedure of proposed framework. Here, we first conduct an
experiment to evaluate the effects of different training modes (e.g., alternative or

one-step) and different A trends on DACN.

We have trained a total of six different models: DACN-O-INC, DACN-O-INV,
DACN-O-DEC, DACN-A-INC, DACN-A-INV, and DACN-A-DEC. A’ and ’O’
mean alternative learning and one-step learning respectively; while ’INC’, ’INV’,
and "DEC’ are the trend of A of increasing, invariant, and decreasing respec-

tively. Our proposed approach is DACN-A-DEC.

Method Overall Accuracy (%)
CRC I3A-2013
DACN-O-INC | 78.63 91.96
DACN-O-INV | 79.40 93.77
DACN-O-DEC | 80.34 94.04
DACN-A-INC | 82.58 98.49
DACN-A-INV | 83.43 98.53
DACN-A-DEC | 83.95 98.79

Table 5.2: Comparing classification accuracy of different settings of DACN on
CRC and I3A datasets.
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Table.5.2 compares the results of different models on both two datasets. It can
be seen that the performances of alternatively training significantly outperform
the approach of jointly optimizing one combination loss on both datasets, which
means optimizing one combination loss is not suitable for this task. The models
with decreasing A achieve better results followed by invariant A. Thus, acting
as a regularizer, the autoencoding procedure could be set with a relatively high
learning rate. However, increasing A or keeping A invariant would affect the

classification performance.

Evaluation of training size

One of our intuitions is that when the training dataset is small, our model should
have more advantage over the traditional deep convolutional network (DCN). To
test this, we train the DACN model using different sizes of training data and

compare the results with DCN without the autoencoding component.

Figure 5.5 shows the classification accuracy on two datasets when 20%, 40%,
60%, 80% and the full training set are used to train the networks. As can be
seen, for a smaller training set, the DACN outperforms DCN by a large margin,
and in all cases, DACN has a higher performance gain over DCN. One possible
explanation for this could be that the encoding procedure ensures the informa-
tion fed to the classification network captures the most important information
of the input (because it enables a reconstruction of the input). Another possible
explanation is that the autoencoding procedure acts as a regularizer to ensure the

encoder representing the input in a way that facilitates classification.
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Figure 5.5: A comparison of DCN and DACN results when the training data size
varies. For smaller training dataset, DACN achieves higher performance gain
while in all cases the new method outperforms traditional model.

59



CHAPTER 5: CELL CLASSIFICATION VIA DEEP
AUTOENCODING-CLASSIFICATION NETWORK

5.3.6 Results

CRC Dataset

As a new released dataset, few cell classification model test on CRCHistoPhe-
notypes images. Table 5.3 compares our proposed model with the baseline CNN
model introduced in [84], and DCN that using same encoding pipeline as DACN

while without autoencoder.

Method Overall Accuracy (%)
Sirinukunwattana et al. 71.20
DCN 83.41
DACN 83.95

Table 5.3: Performances of different algorithms on the CRC dataset.

It can be seen that both DCN and DACN surpass the baseline CNN model with
a large margin. The reason is that the baseline model only contains two convo-
lutional layers. Thus, network depth enables the models to get better feature and

accuracy for cell classification.

The confusion table of proposed method is presented in Table 5.4. The DACN
model gives the worst recognition accuracy on Miscellaneous class. There are
two main reasons: Miscellaneous is a mixed class with four different kinds of
cells; and it has the minimum image number, which only contains about a third of
images in Epithelial class. The accuracy will increase to 85.94% by eliminating

the miscellaneous class.

E I F M
E 1298 75 36 15
I 39 825 107 54
F 18 121 1065 68
M 23 44 58 241

Table 5.4: Confusion table for DACN of CRC dataset.
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13A-2012 Dataset

Since I3A-2012 only have 721 training images and 734 test images, we employed
a simpler CNN model with six convolutional layers, which get rid of layer 8 and
12 (see Table 5.1) in encoding pipeline. The detailed architecture can be seen in

[127].

| \ Method | Overall Accuracy (%) |
Nosaka [62] 68.53
Hand-Craft | Object-Graph+SPM 72.47
Shen [71] 74.39
Gao [86] 74.8
. Phan [87] 77.1
Deep Learning DCN 7668
DACN 78.21

Table 5.5: Performances of different algorithms on the I3A-2013 testing set.

H CS C N FS Cy
H 151 1 1 1 24 0
CS 2 77 3 3 17 2
C 1 11 121 11 0
N 11 0 1 114 2 12
FS 28 11 3 3 66
Cy 0 3 0 1 0 45

Table 5.6: Confusion table for DACN of I3A-2012 dataset.

Table 5.5 compares the classification performance of our method with state-of-
the-art algorithms on the I3A-2012 test set. DCN and DACN achieve better
performances than Gao [86] and Phan [87], which means that the proposed deep
CNN model is more advanced. Our proposed algorithm surpasses all state of the
art methods, which achieves 78.21% accuracy rate by training on the [3A-2012
training set. The confusion table for DACN is illustrated in Table 5.6. Similar to

the result on CRC dataset, the model gives the worst classification accuracy on

the Cytoplasmic class with the minimum image number.
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13A-2013 Dataset

The proposed DACN model is compared with hand-craft based methods, such as
the Bag-of-features (BoF) model [128], the Fisher Vector (FV) model [128]; and
recently introduced CNN based model, i.e, Gao et al [128] proposed model with
5 layers and Li et al [129] proposed model with complex residual inception. The
DCN without autoencoding procedure is also involved for comparison. Table 5.7

shows the average classification accuracy of different methods.

| | Method | Overall Accuracy (%) |

BoF 94.38

Hand-Craft BV 96.07
Gao [128] 97.24

. Li[129] 98.49

Deep Learning DCN )
DACN 98.79

Table 5.7: Performances of different algorithms on the I3A-2012 dataset.

All deep learning based approaches outperform traditional hand-craft based meth-
ods, which means that CNN models are able to extract better features. Our pro-
posed algorithm surpasses all state-of-the-art methods, which achieves 98.79%
accuracy rate. The results demonstrate that increasing network complexity is not
the only approach to learn better feature representations; our proposed model
with the autoencoding pipeline is able to extract more important feature for cell
classification. Table 5.8 shows the confusion matrix of proposed methods on
I3A-2013. It can be seen that the performance on six different classes is rela-

tively even.

5.4 Summary

In this chapter, we have presented a novel deep learning system for cell im-

age classification. The model has the same spirit of multi-task learning, which
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H S N C NM G
H 498 2 0 0 0 2
S 6 543 5 1 3 2
N 0 0 520 1 1 0
C 0 3 1 541 0 1
NM 1 0 0 0 442 0
G 0 0 3 0 1 143

Table 5.8: Confusion table for DACN of I3A-2013 dataset.

combines a convolutional autoencoder and a traditional classification CNN. The
autoencoder is proposed to learn additional pattern information for the classifica-
tion task, and also acts as a regularizer for a small training set. The reconstructed
images from the autoencoder resemble the input images, which indicates that
two models can be successfully merged for effectively learning cell pattern in-
formation. The proposed model is evaluated on two datasets of different stains.
The experimental results show that our new DACN method provides a consider-
able improvement over the traditional CNN models, and outperforms all known

state-of-the-art approaches on the three datasets.

Our method has some limitations. First, it is difficult to determine a series of
fixed values of A during training and the number of training loops, since those
parameters are chosen according to the losses of encoding and classification dur-
ing the training process. Future works will try to overcome this limitation. In
addition, recent proposed residual network architecture is not used in our pro-
posed model. Future works will try to utilize more advanced architectures to

promote the performance.
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Chapter 6

Automatic Histochemical Scoring in
Tissue MicroArray of Breast

Cancer

In this chapter, we present an end-to-end deep learning system which directly
predicts the H-Score automatically. The innovative characteristics of our method
are that it is inspired by the H-Scoring process of the pathologists where they
count the total number of cells, the number of tumour cells, and categorise the
cells based on the intensity of their positive stains. Our system imitates the
pathologists’ decision process and uses one fully convolutional network (FCN)
to extract all nuclei region (tumour and non-tumour), a second FCN to extract
tumour nuclei region, and a multi-column convolutional neural network which
takes the outputs of the first two FCNs and the stain intensity description image
as input and acts as the high-level decision making mechanism to directly out-
put the H-Score of the input TMA image. In additional to developing the deep
learning framework, we also present methods for constructing positive stain in-

tensity description image and for handling discrete scores with numerical gaps.
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Whilst deep learning has been widely applied in digital pathology image analy-
sis, as far as the present author’s knowledge extends, this is the first end-to-end
system that takes a TMA image as input and directly outputs a clinical score.
We will present experimental results which demonstrate that the H-Scores pre-
dicted by our model have very high and statistically significant correlation with
experienced pathologists’ scores and that the H-Scoring discrepancy between
our algorithm and the pathologist is on par with that between the pathologists.
Although it is still a long way from clinical use, this work demonstrates the pos-
sibility of using deep learning techniques to automatically and directly predicting

the clinical scores of digital pathology images.

6.1 Introduction

Breast cancer (BC) is a heterogeneous group of tumours with varied genotype
and phenotype features [| 10]. Recent research of Gene Expression Profiling
(GEP) suggests that BC can be divided into distinct molecular tumour groups
[130, ]. Personalised BC management often utilizes robust commonplace

technology such as immunohistochemistry (IHC) for a tumour molecular profil-

ing [132, ].

Diaminobenzidine (DAB) based IHC techniques stain the target antigens (de-
tected by biomarkers) with brown colouration (positive) against a blue coloura-
tion (negative) counter-stained by Hematoxylin (see Figure .6.1 for some ex-
ample images). To determine the biological class of a tumour, pathologists
will mark the nuclei activity biomarkers through a microscope and give a score
based on a semi-quantitative assessment method called the modified histochem-
ical scoring (H-Score) [31, ]. The H-Scores of tissue samples stained with
different biomarkers is combined together to determine the biological class of a

case. Clinical decision making is to choose an appropriate treatment from a num-
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(Positive Stain Intensity)—»
) —-[Number of Tumour Cell)—
————(_ Total Number of Cell }———————

Figure 6.1: Top: Example images extracted from digital TMA slides. Each red
circle contains one TMA core stained by Diaminobenzidine-Hematoxylin (DAB-
H). The brown colours indicate positive and the blue colours indicate negative.
Bottom: A schematic illustration of the traditional manual H-Scoring procedure:
It needs to first count the total number of nuclei, then the number of strongly
stained, moderately stained and weakly stained tumour nuclei, respectively. The
final H-Score is then calculated according Eq.6.1.

ber of available treatment options according to the biological class of the tumour.
For instance, one of the methods for stratifying different molecular classes is the
Nottingham Prognosis Index Plus (NPI +)[ ! 10] which uses 10 breast cancer rel-
evant biomarkers to stain tumour tissues prepared on tissue microarray (TMA).
Tissue samples stained by each of these 10 biomarkers are given a histochemical
score (H-Score) and these 10 scores together will determine the biological class

of the case.

Therefore, H-Score is one of the most important pieces of information for molec-
ular tumour classification. When the tumour region occupies more than 15% of
the TMA section, an H-Score is calculated based on a linear combination of the
percentage of strongly stained nuclei (SSN), the percentage of moderately stained

nuclei (MSN) and the percentage of weakly stained nuclei (WSN) according to:

H —Score = 1 x WSN +2 x MSN + 3 x SSN (6.1)

The final score has a numerical value ranges from O to 300. Thus, the histo-

chemical assessment of the TMA’s is based on the following semi-quantitative
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information: the total number of cells, the number of tumour cells and the stain
intensity distributions within the tumour cells. In clinical practice, diagnosis re-
quires averaging two experienced pathologists’ assessments. Manually marking
the positively stained nuclei is obviously a time consuming process. As visual
assessment of the TMA’s is subjective, there is the problem of inter-observer
discrepancy and the issue of repeatability. The semi-quantitative nature of the
method (strongly stained, moderately stained and weakly stained, the definitions
of strong, moderate and weak cannot be precise and subjective), makes it even

more difficult to ensure inter-subject as well as intra-subject consistency.

With the increasing application of clinicopathologic prognosis, Computer Aided
Diagnosis (CAD) systems have been proposed to support the pathologists’ deci-
sion making. The key parameters in tissue image assessment include the number
of tumour cells, the positive staining intensities within these cells and the total
number of all cells in the image. To classify the positively stained pixels and
their stain intensity, methods such as colour deconvolution that perform mathe-
matical transformation of the RGB image [51] [1] are widely used to separate
positive stains from negative stains. Numerous computer-assisted approaches
have been proposed for cell or nuclei detection and segmentation [22]. Most
literature on histopathology image analysis perform various low-level quantifi-
cation steps, there is still little attempt to perform an end-to-end assessment of

the image directly.

Is it possible to develop a CAD model that would directly give a high-level as-
sessment of a digital pathological image, just like an experienced pathologist
would, for example, to give out an H-Score directly? In an attempt to answer
this question, we propose an end-to-end deep learning system for directly pre-
dicting the H-Scores of breast cancer TMA images, see Figure 6.6. Instead of
pushing the raw digital images into the neural network directly, we follow a simi-

lar process that pathologists use for H-Score estimation. We first construct a stain
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intensity nuclei image (SINI) which only contains nuclei pixels and their corre-
sponding stain intensity information, and a stain intensity tumour image (SITI)
which only contains tumour nuclei pixels and their corresponding stain inten-
sity information. The SINI and SITI block irrelevant background pixels while
only retain useful information for calculating the H-Score. These two H-Score
relevant images are then fed into a dual-channel convolutional neural network
with two input pipelines, which are finally merged into one pipeline to give an
output (H-Score). To the best of our knowledge, this is a first work that attempts
to develop deep learning based TMA processing model that directly outputs the
histochemical scores. We will present experimental results which demonstrate
that the H-Scores predicted by our model have a high and statistically significant
correlation with experienced pathologists’ scores and that the H-Scoring discrep-
ancy between our algorithm and the pathologists is on par with that between the
pathologists. Although it is still perhaps a long way from clinical use, this work
nevertheless demonstrates the possibility of automatically scoring cancer TMA’s

based on deep learning.

6.2 Problem and Methodology

An immunohistochemical assessment can be formulated as a model F that maps
the input images from the input space .# to the a label space .Z. Given an input
image I € .7, its label [ € % is assigned according to the quantitative information
of positive staining intensity P, the number of tumour cells N; and total number

of cells N, in the image x:

l= F(I’RYJNtvNe)a (62)

Traditional assessment methods have at least three unsolved issues for both the
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Figure 6.2: Examples of challenging cases of quantitative measurement of
biomarkers based on visual assessment. (a) A variety of stain intensities; (b)
unclear staining and overlapping of nucleus; (c) Size differences between differ-
ent type of nucleus.
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pathologists and the CAD systems. Firstly, the positive staining intensity needs
to be categorized into four classes: unstained, weak, moderate, and strong. How-
ever, there is no standard quantitative criterion for classifying the DAB stain in-
tensity. Thus, two pathologists often classify the same staining intensity into two
different categories or two different intensities into the same category. Further-
more, the human visual system may pay more attention to strongly stained re-
gions but they are often surrounded by a variety of staining intensities [4], which
may also affect the assessment results. Secondly, cell/nuclei instance count-
ing is a very important parameter in the assessment. Nevertheless, both human
and computer still cannot deal with the difficulty of counting overlapping cells
very well. Moreover, variability in the appearance of different types of nucleus,
heterogeneous staining, and the complex tissue architectures make individually
segmenting cell/nuclei a very challenging problem. Thirdly, the apparent size
differences between tumour nuclei and normal nuclei will affect the quantitative
judgement of tumour nuclei assessment. Examples of these challenging cases

are illustrated in Figure 6.2.

To tackle the problem mentioned above, we propose to develop a convolutional

neural network (CNN) based CAD framework for biomarker assessment of TMA
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Original image DAB channel image Stain intensity discription

Figure 6.3: A comparison of different images generated during the process of
stain intensity description. The highlighted subimage contains strongly stained
nuclei.

images. Instead of using CNN as a feature extractor or for low level processing
such as cell segmentation only, we have developed an end-to-end system which
directly predicts the biomarker score (H-Score). The innovative characteristic
of our method is that it is inspired by the H-Scoring process of the pathologists
where they count the total number of nuclei and the number of tumour nuclei
and categorise tumour nucleus based on the intensity of their positive stains. In
the complete system, as illustrated in Figure 6.6, one fully convolutional network
(FCN) is used to extract all nuclei region which acts as the step of counting all
nucleus and capture all foreground information, another FCN is used to extract
tumour nuclei region which acts as the step of counting all tumour nucleus. To
mimic the process of categorising tumour nuclei based on their positive stain
intensities, we derive a stain intensity image which together with the outputs
of the two FCNs are presented to another deep learning network which acts as
the high-level decision-making mechanism to directly output the H-Score of the

input TMA image.
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6.2.1 Stain intensity description

Although various DAB stain separation methods have been proposed [, 2], few
work studied the stain intensity description and grouping. Since there is no for-
mal definitions for the boundaries between stain intensity groups (e.g, strong,
moderate, weak), previous works used manually defined thresholds for pixel-
wise classification to segment positive stains into each stain group [4].
888
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Figure 6.4: Visualization of pixel colours of the DAB-H images along the lumi-
nance axis and the colour deconvolution DAB axis.

In this work, we propose to directly use the luminance values of the image to de-
scribe the staining intensity instead of setting artificial intensity category bound-
aries. The original RGB image [ is first transformed into three-channel stain

[l ... 1,,1,, ) using colour deconvolution [1]:

component image (1, oz Ly Losrer

AB—H —

I M op, (6.3)
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Figure 6.5: An illustration of the value of /;, and its corresponding stain intensity.
The red dot lines are the thresholds of stain intensity groups [4].

where M is the stain matrix composed of staining colours equal to

0.268 0.570 0.776
0.650 0.704 0.286 (6.4)
00 00 0.0

for DAB-H stained images, and Ipp is Optical Density converted image calcu-

lated according Lambert-Beers law:

1
Iop = —log(g), (6.5)

Iy = [255,255,255] is the spectral radiation intensity for a typical 8bit RGB cam-

era [135].

Only the DAB channel image /,,,, from the three colour deconvolution output
channels is used, which describes the DAB stain according to the chroma differ-

ence.

Most previous works set a single threshold on 7, ; to separate positively stained
tissues. However, as shown in Figure 6.3, the deeply stained positive nuclei can
have dark and light pixel values on the DAB channel image, since the strongly
stained pixels will have significantly broader hue spectrum. Furthermore, as
illustrated in Figure 6.4, the same DAB channel value can correspond to different
pixel colours. Also, from Figure 6.4, it is clear that in order to separate the
positive stain (brown colour) from the negative stain (blue colour), the DAB
channel thresholds should be set based on the luminance values. In this chapter,

we use the Luminance Adaptive Multi-Thresholding (LAMT) method developed
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by the authors [39] to classify positively stained pixels. /; is the luminance image

of the original RGB image calculated according to Rec. 709:
I; =0.2126 x [ +0.7152 x I+ 0.0722 x Ip. (6.6)

The transformed pixels are thresholded with different values according to its
luminance instead of a single threshold, the threshold #; is assigned as follows:

ty = argmaxP(c\I];AB(
ce¥

m,n)) (6.7)

where ¢ = {c,,,,c, } is the stain label.

DAB>

Luminance Adaptive Random Forest (LARF) is not used for this work. The
reason is that LARF requires a number of accurately labelled images for training,
while the digital TMA images we utilized in this chapter have no pixel-level

positive stain labels.

Once we have separated the positive stain from the negative stain, we need to find
a way to describe the stain intensity. As we have already seen in Figure 6.3 and
Figure 6.4, the pixel values of 1,,,, can not describe the biomarker stain intensity.
We propose to use a scheme described in Eq.6.8 to assign stain intensity values

to pixels:

I;(m,n) if I, ,(m,n) is positive

Lig(m,n) = (6.8)
255+ (255 —1I;(m,n))  if I, ,(m,n) is negative
where I;,(m,n) is the stain intensity description image.
The idea is that for the positive stain pixels, 1;,(m,n) is the same as the luminance
component of the original image in order to preserve the morphology of the
positive nuclei; for the negative stain pixels, ,(m,n) will have a higher value

for strongly stained pixels (darker blue colour) and a lower value for weakly
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stained pixels (lighter blue colour). In order to separate the positive and negative
pixel values clearly, we add an offset of 255 to the negatively stained pixels (most
negative stain pixels will have a high I;(m,n) and positive stain pixels will have
a low [;(m,n), the value of positive and negative pixels will be clearly separated
in I;,(m,n)). Therefore, the larger I;,(m,n) is, the weaker is the stain, the smaller
I;,(m,n) is, the stronger is the stain. When Ij,(m,n) is below or equal to 255,
it is a positive stain pixel. In this way, we have obtained an image which gives
a continuous description of the stain intensity of the image. Instead of setting
artificial boundaries to separate the different degrees of stain intensity, we have
now a continuous description of the stain intensity (see Figure 6.5). Note that the

pixel values of the final image are normalized to the range from O to 1.

6.2.2 Nuclei and tumour maps

As discussed above, the important information pathologists use to come up with
the H-Score is the number of nuclei and the number of tumour nuclei in the TMA
image. Therefore, we need to extract these two pieces of information and we use
two separate FCNs, one for segmenting all nucleus and the other for segmenting

tumour nucleus only.

To segment the tumour region, we use our own manually pixel-wise labelled
tumour TMA images to train the FCN. While for segmenting general nuclei
which detect both tumour and non-tumour nuclei, we use a transfer learning
strategy to train another FCN. For general nuclei detection, the training data is
obtained from three different datasets: immunofluorescence (IIF) stained HEp-2
cell dataset [136], Warwick hematoxylin and eosin (H&E) stained colon cancer
dataset [84], and our own DAB-H TMA images. Since these three image sets
are stained with different types of biomarkers, we transform the colour image

into grayscale for training. Training on a mixed image set could help to reduce
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overfitting on limited medical datasets and further boost the performance and

robustness [83].

For both the general nuclei detection network and the tumour nuclei detection
network, we use the symmetric U shape network architecture (U-Net) [101] with
skip connection. The high resolution features from the contracting path are com-
bined with the output from the upsampling path, which allows the network to
learn the high resolution contextual information. Dice coefficient, also known as
Dice similarity coefficient (DSC), is widely used as a statistical validation metric
to evaluate the performance of image segmentation:

_2xNY]

DSC = , (6.9)
X |+[Y|

where |X| and |Y| are the cardinalities of the two sets. So, the loss function is

designed as:
2 0 O
Zm,n wZ + Zm,n Tz ’

where @ is the predicted pixel and 7 is the ground truth.

(6.10)

Lmask =—I 24

6.2.3 The H-Score prediction framework

The overview of the H-Score prediction framework is illustrated in Figure 6.6. It
consists of three stages: 1) Nuclei segmentation, tumour segmentation, and stain
intensity description; 2) Constructing the Stain Intensity Nuclei Image (SINI)
and the Stain Intensity Tumour Image (SITI); 3) Predicting the final histochemi-
cal score (H-Score) by the Region Attention Multi-column Convolutional Neural
Network (RAM-CNN). The rationale of this architecture is as follows: as only
the number of nuclei, the number of tumour nuclei and the stain intensity of
the tumour nuclei are the useful information for predicting H-Score, we there-

fore first extract this information. Rather than setting artificial boundaries for
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Figure 6.6: The overview of our proposed H-Score prediction framework. An
input TMA image is first processed by two FCNs to extract tumour cells and all
cells (tumour and non-tumour) to produce two mask images. The input image is
also processed by colour deconvolution and positive stain classification to output
a stain intensity description image. The two mask images are used to filter out
irrelevant information in the stain intensity description image and only the useful
information is fed to a deep convolutional neural network for the prediction of
H-Score of the input TMA.

the categories of stain intensity, we retain a continuous description of the stain
intensity. Only the information useful for predicting the H-Score is presented
to a deep CNN to estimate the H-Score of the input image. This is in contrast
to many methods in the literature where the whole image is thrown to the CNN

regardless if a region is useful or not for the purpose.

The detail of the first stage have been described in Section 6.2.1 and 6.2.2. As
illustrated in Figure 6.6, an input TMA image I(m, n) is processed by the tumour
detection network which will output a binary image mask, 7' (m,n), marking all
the tumour nuclei, where T (m,n) = 1 if I(m,n) is a part of a tumour nuclei and
T (m,n) = 0 otherwise; by the general nuclei detection network which will out-
put another binary image mask, G(m,n), marking all tumour and non-tumour
nuclei, where G(m,n) = 1 if I(m,n) is a part of a nuclei and G(m,n) = 0 oth-
erwise; and by the colour deconvolution and stain intensity labelling operation
of Equation (8) to produce the stain intensity description image I;,(m,n). In the
second stage, we construct SINI and SITI by multiplying the nuclei mask im-

age G(m,n) and tumour mask image 7 (m,n) with the stain intensity description
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image I;,(m,n), i.e. SINI = I,(m,n) x G(m,n), and SITI = I;,(m,n) X T (m,n).
Hence, all background pixels are zero, while only the region of interests (ROI)
are retained in SINI and SITI. All necessary information is preserved for his-
tochemical assessment. Removing the background and only retaining ROI will
enable the RAM-CNN convolutional layers to focus on foreground objects [137]

which will significantly reduce computational costs and improve performance.

’ Layer H Input / Filter Dimensions ‘
Input 512x512x1 | 512x512x 1
Convl 8xTxT 8xTxT

MaxPooling 2x2 2x2
Conv2 16 x5x5 16 x5x5
MaxPooling 2x2 2x2
Conv3 64 x3x3
MaxPooling 2x2
Conv4 64 x3x3
MaxPooling 2x2
FCl1 2048
FC2 1024

Table 6.1: The architecture of Region Attention Multi-channel Convolutional
Neural Network (RAM-CNN).

The proposed RAM-CNN is a deep regression model with dual input channels.
The architecture of RAM-CNN is shown in Table 6.1. Two inputs correspond to
SINI and SITI respectively, and the input size is 512 x 512. The parameters of the
two individual branches are updated independently for extracting cell and tumour
features respectively, without interfering with each other. The two pipelines are
merged into one after two convolutional layers for H-Score prediction. The loss

function for H-Score prediction is defined as:

M=

1
Lscore = | Fopns (SINL, SITL) — 1], (6.11)

1

i

where F,, (SINI;,SITI;) is the estimated score generated by RAM-CNN. /; is

RAM

the ground truth H-Score.
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6.3 Experiments and Results

6.3.1 Dataset

The H-Score dataset used in our experiment contains 105 TMA images of breast
adenocarcinomas from the NPI+ set [ 1 0]. Each image contains one whole TMA
core. The tissues are cropped from a sample of one patient which are stained with
three different nuclei activity biomarkers: ER, p53, and PgR. The original im-
ages are captured at a high resolution of 40 optical magnification, and then re-
sized to 1024 x 1024 pixels. The dataset is manually marked by two experienced
pathologists with H-Score based on common practice. For each TMA core, the
pathologists give the percentage of nuclei of different stain intensity levels, and
then calculate the H-Score using Eq.6.1. The final label (H-Score) is determined
by averaging two pathologists’ scores, if the difference between two pathologists

is smaller than 20. The dataset is available from the authors on request.

For training the general nuclei detection network, we transform Warwick H&E
colon adenocarcinoma [$4] and NPI+ images to grayscale; the green channel was
extracted from HEp-2 cell dataset [136]. As HEp-2 cell images are IIF stained,

the gray value should be inversed.

6.3.2 Data and label augmentation

As in typical medical imaging applications, the dataset sizes are relatively small.
In developing deep learning based solutions, it is a common practice to augment
the training dataset for training. The training images for general nuclei detection
network and tumour detection network are augmented by randomly cropping
sub-images as input samples. For the H-Score dataset, rotation with random
angles and randomly shifting the image horizontally and vertically within 5% of

image height and width are performed to augment the training set.
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Figure 6.7: The top graph is the original dataset label histogram; The bottom is
the augmented label histogram.

As shown in the top row of Figure 6.7, the distribution of the label (H-Score) in
the original dataset is unbalanced, some labels (H-Scores) have far more sam-
ples than others. Furthermore, one of the biggest problems is that because we
have only limited number of samples, the H-Score values are discrete and dis-
continuous. There are many gaps between two H-Scores that have no data. Also,
the values of the TMA image score given by the pathologists have a quantitative
step-size of 5. Therefore, if an image has a score of 125, it means it has a value
of around 125, the values in the vicinity of 125, i.e., 126 or 124 should also be
suitable for labelling that image. In order to solve the ambiguity issue, we intro-

duce Distributed Label Augmentation (DLA) which was inspired by the work of
[138, 139].

In the traditional regression method, a given dataset {(1},1;), (I2,2),---,(Ip,Ip)}
pairs the instance I; for 1 < d < D with one single /; from the finite class label
space . = {1%,1',--- 1€}, where C is the label size (e.g., C = 301 for H-Score).
In this paper, the label is augmented so that one instance is associated with a
number of labels. Formally, the dataset can be described as {(I,Y1), (I2,Y2), -+, (Ip,Yp)},

and Y; C % is a set of labels {yé]), yglz), e yt(is) }, where S is the augmented label
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number for /. yc(is) is sampled repeatedly from .Z based on a probability density

function of following Gaussian distribution:

1 (I°—u)?
ex —_—
o221 P 202

PO = 1) = ) 6.12)

where u is the mean which equal to /; and o is standard deviation. Thus,

S p(ygs)) = 1 for each original TMA image. Consequentially, for an image x;
from the augmented training set, its ground truth labels are assigned by repeat-
edly sampling from .Z according to Eq.6.12. The augmented label histogram is

shown at the bottom row of Figure 6.7.

6.3.3 Implementation details

The network architecture for both the tumour nuclei detection and general nuclei
detection models is the same as the U-Net [101] with an input size of 224 x 224.
The filter size of tumour detection net is half narrower than that of general cell
detection net. All networks use rectified linear unit (ReLLU) activation function
for the convolutional layer. The final cell and tumour region maps are predicted

using the sliding window.

A leave 5 out cross validation strategy is used for RAM-CNN model training,
which means that in each round of testing, we randomly sample 5 TMAs as
testing and the other 100 TMAs as training images. As explained previously, the
training set is augmented via rotation and shift. The images are firstly resized
to 512x512 before fed into the RAM-CNN. We set 6 = 0.9 to generate the H-
Score distribution for ground truth label augmentation. We also add dropout
layers after two fully connected layers with the rates of 0.3 and 0.5 respectively.
The regression network is optimized by Adam [!40] with an initial learning rate

of 0.001.
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Figure 6.8: Examples of intermediate images in the automatics H-Score predic-
tion pipeline. From top to bottom: the original RGB image, luminance labelled
stain intensity image, nuclei mask image, and tumour mask image respectively.
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6.3.4 Results and discussions

Experimental Results

Figure 6.8 shows some examples of the intermediate images in the automatic
H-Score prediction pipeline. It is seen that the luminance labelled stain in-
tensity image marks a sharp distinction between positive and negative stains.
This shows that our maximum a posteriori (MAP) classifier based Luminance
Adaptive Multi-Thresholding (LAMT) method [39] can reliably separate posi-
tive DAB stains for a variety of images. It also shows that our stain intensity
labelling strategy can preserve the morphology of the nuclei, separate positive

and negative stains while retaining a continuous description of the positive stain

intensity.

Predicted Score
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Pathologist's Score
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Figure 6.9: Scatter plots of the predicted scores of different models vs the pathol-
ogists’ manual scores.

Figure 6.10 shows the training curves of the Dice coefficient for the general

nuclei detection network and the tumour nuclei detection network respectively.
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Figure 6.10: Training results for general nuclei detection network (a) and tumour
nuclei detection network (b).

Both networks converged after 170 epochs respectively. The nuclei mask images
(see Figure 6.8) show that the deep convolutional network trained with mixed
datasets using transfer learning can successfully detect the nuclei in our H-Score
dataset. The tumour segmentation network is able to identify tumour region
from normal tissues. It is worth noting that the ground truth masks for the two
detection networks are different. All nucleus in Warwick colon cancer images
are labelled with circular masks with a uniform size, while tumour region masks
are pixel level labelled. Therefore, the final predicted maps generated by the two
networks for the same nucleus are different. In addition, it is found that the mask
dilation becomes evident with the increase of DAB stain intensity. One possible
reason is that the strong homogeneous stain makes the nuclei texture and edge

feature difficult to extract.

To evaluate the performance of our proposed RAM-CNN and the two H-Score
relevant images SINI and SITI, we compare our model with two traditional single
input pipeline CNNs: RGB-CNN and RA-CNN (i.e., region attention CNN). The
RGB-CNN takes the original RGB TMA image with the shape of 512 x 512 x 3
as input, and output the H-Score prediction. To investigate the effect of multi-

column architecture, we combine SINI and SITI as a two channel image of 512 x
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512 x 2 for the input of RA-CNN. The architectures of RGB-CNN and RA-CNN
are the same as a single pipeline RAM-CNN (see Table 6.1).

We also calculate the H-Score using Eq.6.1 based on the nuclei area percentage
(NAP) and nuclei number percentage (NNP). Specifically, the luminance labelled
stain intensity description image I}, is first calculated according to the description
in Section 6.2.1. The pre-defined thresholds [4] are utilized for categorizing
the pixels into different DAB-H stain intensity groups. For the NAP method,
the predicted H-Score is calculated according to the percentages of the area in
different stain intensity groups. NNP employs the NIH ImagelJ tool [141] with
a multi-stage cell segmentation technique [142] for cell detection. The detected
cells are classified into unstained, weak, moderate, and strong groups using the

pre-defined thresholds for H-Score calculation.

| Model [MAE| SD [ CC [ P value |

NAP 47.09 | 46.03 | 0.87 | < 0.001
NNP 46.48 | 55.18 | 0.82 | < 0.001
RGB-CNN | 32.01 | 44.46 | 0.87 | < 0.001
RA-CNN | 27.22 | 35.72 | 0.92 | < 0.001
RAM-CNN | 21.33 | 29.14 | 0.95 | < 0.001
Human 20.63 | 30.55 | 0.95 | < 0.001

Table 6.2: Performance comparison with different regression models. The last
line (Human) are difference between the H-Scores given by the two pathologists.

In this chapter, Mean Absolute Error (MAE), Standard Deviation (SD) and the
correlation coefficient (CC) between the predicted H-Score and the average H-
Score of the two pathologists are used as the evaluation metrics. As a reference,
we also calculate the MAE, SD and CC between the H-Scores given by the two

pathologists of all original diagnosis data. Results are shown in Table 6.2.

As can be seen, the NAP based prediction gives the highest MAE with large
deviations in the cross validation, which is followed by NNP. Our RAM-CNN
framework achieves the lowest prediction error (21.33); a traditional CNN setting

with the proposed SINI and SITT as input gives the second lowest prediction error
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(27.22). This verifies the effectiveness of our proposed approach to filtering out
irrelevant pixels and only retain H-Score relevant information in SINI and SITI.
All deep learning based methods outperform NAP and NNP by a large margin.
To investigate the statistical significance of automatically predicted H-Scores,
the correlation of the predicted and those of the pathologists scores and its P
value are also calculated. The correlation between pathologists’ scores and those
predicted by RAM-CNN is 0.95 with a P value of < 0.001 which means there is

strong evidence against the null hypothesis [143].

It is interesting to observe that the difference between our RAM-CNN predicted
H-Scores and the average of the two pathologists H-Scores (MAE = 21.33, SD
=29.14, CC = 0.95) are on par with the difference between the two pathologists
(MAE = 20.63, SD = 30.55, CC = 0.95). While the MAE between the RAM-
CNN and humans is slightly higher than that between humans, the SD between
humans is higher than that between RAM-CNN and humans. The CC between

humans and machine and that between humans are the same.

Figure 6.9 illustrates the scatter plots between the model predicted scores and
the pathologists’ scores. Most of the predicted scores of NAP are lower than
the ground truth. At the lower end, NNP predicted scores are lower than the
ground truth while at the higher end the predicted scores are higher than the
ground truth. These two methods are affected by several low-level processing
components including the pre-defined stain intensity thresholds and the nuclei
segmentation accuracy. Our proposed framework gives more accurate prediction
results compared to traditional single pipeline CNN, further demonstrating that
imitating the pathologists’ H-Scoring process by only keeping useful information

is an effective approach.
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Figure 6.11: Example TMA images extracted from different H-Score groups.

Discussions

In this paper, we introduced an end-to-end system to predicted H-Score. To in-
vestigate the reason for scoring discrepancy between the proposed algorithm and
the pathologists, we firstly compare the H-Score prediction results for different
biomarkers as shown in Table 6.3. The proposed framework gives the best accu-
racy in all three biomarker images. The performances are slightly different for
different biomarkers. This is to be expected because different markers will stain
the tissues differently. Although the difference is not large, whether it will be
useful to train a separate network for different biomarkers is something worth

investigating in the future.

To see how the algorithms perform differently across the dataset, we divide the

TMA images into 6 groups according to their pathologists’ scores. Example
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Biomarker ER P53 | PgR
No. of TMA | 32 33 40

NAP 42.02 | 50.68 | 48.17
NNP 43.53 | 46.72 | 48.92
RGB-CNN | 2490 | 31.57 | 38.19
RA-CNN | 2543 | 23.39 | 31.82
RAM-CNN | 21.01 | 16.66 | 25.44

Table 6.3: Comparing MAE of different methods on three different biomarkers.

TMA images of each group are illustrated in Figure 6.11. For each group, we
count the number of TMAs with absolute error (AE) smaller than 10, between
10 and 30, and larger than 30 respectively. The results of different methods are
shown in Figure 6.12. It is seen that in the low H-Score group of 0-49, traditional
methods of NAP and NNP give more accurate predicted scores than CNN based
methods. It is found that most low score TMAs are unstained or weakly stained
as shown in Figure 6.11(a). The accurate predictions from NAP and NNP indi-
cate that the predefined threshold for separating unstained and weak (see Figure
6.5) is compatible with pathologists’ criteria. The deep learning based methods
do not set stain intensity thresholds explicitly and their performances across the

six groups are relatively even.

The accuracies of NAP and NNP decrease rapidly with the increase of the H-
Score. As shown in Figure 6.11, the stain intensity and image complexity in-
crease with the H-Score which directly affect the performance of traditional
methods. The result also indicates that the pre-defined stain intensity thresholds
for moderate and strong classes (see Figure 6.5) are less compatible with the
pathologists’ criteria. Furthermore, the large coefficients of moderate and strong
stain (see Eq.6.1) would magnify the errors of area and nuclei segmentation in

NAP and NNP respectively.

Three deep learning based methods give worse results on the groups with fewer

images (i.e., group 50-99 and 250-300), which indicates the importance of a
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Figure 6.12: Comparison of performances of different methods in different H-
Score groups.

large training data size. In addition, the uneven distribution of original dataset

may also affect the predicted accuracy.

We further analyse the TMAs individually to investigate the effect of image qual-
ity on the proposed algorithm. We found that for those TMAs where the tissues
are clearly stained, and the cellular structure is clear without severe overlap (see
Figure 6.13), our algorithm can give a very accurate prediction. On the other
hand, poor image quality causes errors. In the images that are most easily mis-
scored by our algorithms, we found three significant characteristics as shown in

Figure 6.14.

The TMA core in Figure 6.14(a) contains large out-of-focus regions, which hap-
pens more commonly on strongly stained tissues. The blur regions directly affect
the performance of nuclei segmentation, as well as the nuclei and tumour detec-
tion accuracy. They also hinder the final regression network from extracting

topological and morphological information.
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(b)

Figure 6.13: Examples of accurately scored TMAs by proposed algorithm. The
absolute errors generated by RAM-CNN of both (a) and (b) are smaller than 2.

Tissue folds (see Figure 6.14(b)) occurs when a thin tissue slice folds on it-
self, and it can happen easily during slide preparation especially in TMA slides.
Tissue-fold would cause out-of-focus during slide scanning. Furthermore, a tis-
sue fold in a lightly stained image can be similar in appearance to a tumour
region in a darkly stained image [144]. Hence, the segmentation accuracy of

colour deconvolution would be greatly affected in tissue-fold regions.

Heterogeneity and overlapping as shown in Figure 6.14(c) also affect the auto-
matic scoring performance. The stain heterogeneity gives rise to a large discrep-
ancy of stain intensity in a single nucleus, and nuclei overlapping adds to the

difficulty.

These three difficulties directly affect the predicted results of the proposed method,

and we found that most large mis-scored TMAs contain one or more of these
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(©)

Figure 6.14: Examples of sources of big scoring discrepancy between algorithm
and pathologist. (a) out of focus; (b) tissue folds; (c) heterogeneity and overlap-

ping.

characteristics. We found that there were 9 low image quality TMASs in our
dataset and if we exclude these 9 lowest-quality TMA images, the average MAE
of our RAM-CNN is 18.79. Therefore, future works need to overcome these is-
sues in order to achieve a high prediction performance. To solve the problem of
out-of-focus, heterogeneity and overlapping, adding corresponding images in the
training set to promote robustness is one potential quality assurance methods. In
addition, the deep learning based scoring system can be developed to add nuclei
number estimation function for accurate assessment. It is also necessary to add
the function of automated detection and elimination of tissue-fold regions before

H-Score assessment.
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6.4 Summary

In this chapter, we have developed a deep learning framework for automatic end-
to-end H-Score assessment for breast cancer TMAs. Experimental results show
that automatic assessment for TMA H-Score is feasible. The H-Scores predicted
by our model have a high correlation with H-Scores given by experienced pathol-
ogists. We show that the discrepancies between our deep learning model and the
pathologits are on par with those between the pathologists. We have identified
image out-of-focus, tissue fold and overlapping nuclei as the three major sources
of error. We also found that the major discrepancies between pathologists and
machine predictions occurred in images that will have a high H-Score value.

These findings have suggested future research directions for improving accuracy.
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Chapter 7

Concluding Remarks

In this thesis, problems related to digital histopathology images have been stud-
ied. Its marjor contribution will now be summarized, followed by a discussion

of some possible research directions related to these studies for future work.

7.1 Main Contributions

The first contribution in Chapter 3 is to propose the luminance adaptive multiple
threshold (LAMT) method for DAB stain separation. The mistake in most exist-
ing stain separation approaches, in which only a chroma difference is used, with-
out taking into consideration the effect of luminance on DAB stain was pointed
out. The experimental results shows that the proposed method in the present the-
sis is able to dramatically promote the accuracy of this separation, and that the
proposed combination of LAMT combined with random forests outperforms all

existing methods.

The second contribution is to the cell classification task: two different models
have been proposed. In the first, which is a model based on hand-crafted features,

as is traditional in the subject, an objectgraph feature was introduced to describe
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patterns in the morphology of HEp-2 cells. Unlike normal approaches based
on hand-crafted feature based, the proposed model transforms the foreground
region to different sizes of circles, designed according to the HEp-2 cell pattern.
The experiments show that the circle-transform feature could achieve promising

results.

The second proposal was a model for cell classification based on a convolu-
tional neural network. This proposed model uses a multi-task learning strategy
with alternative training to predict the cell pattern class and reconstruct the orig-
inal image. A series of experiments has been conducted, and showed that the
proposed model is able to significantly improve the classification performance
when the training dataset is small, and mitigate the effect of overfitting. Further,
this proposed model outperforms all state-of-the-art methods on the two HEp-2
I3A datasets and CRC dataset, which means the cell classification CNN model
does not need a very deep and complex model, but can maximize the use of the

training images by extracting more information for the classification.

Chapter 6 introduces a novel end-to-end framework for automatic H-Score scor-
ing. As an image-level assessment, it is, as far as the present author’s knowledge
extends, the first end-to-end system that takes TMA images and directly pre-
dicts a clinical score. To extract the DAB stain intensity information, it uses a
luminance image assigned after an adaptive luminance thresholding. Since the
dataset is labelled ambiguously with quantitative steps, there was introduced a
distributed label augmentation, which labelled single image with a set of scores
following a Gaussian distribution. Experimental results show that automatic as-
sessment of a TMA H-Score is feasible and is highly correlated with patholo-

gists’ scores.
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7.2 Limitations and Future Research

The research presented in this thesis can be considered as just a beginning in each
of the respective fields. They could not yet perfectly solve the corresponding

problems, and there is room for future improvement.

For stain separation, recent work, including the method proposed here, still re-
quire pixel-level labels. However, pixel-level labelling is time consuming, and
the accuracy of such labels directly affects the final separation performance.
Hence, future work should focus on weak supervised learning or unsupervised
learning to reduce the effect of human labelling. In addition, while studying this
problem, it was found that there is no standard quantitative criterion for describ-

ing the DAB stain intensity.

For cell or nucleus classification, future research should focus on deep learn-
ing techniques, because of their promising performance. As various new CNN
models have been proposed for natural image classification, more models could
be introduced to the field of digital histpathology. Furthermore, increasing the

speed of the classification model would also be a good direction.

The proposed end-to-end deep learning based model is the first high-level CAD
system for TMA H-Score assessment. Therefore, there are still some problems,
such as big scoring discrepancies between the algorithm and pathologists in
TMA images with out-of-focus, tissue-fold, and serious overlapping. Further,
the dataset used here only contains 105 TMA cores. In the future, more data
should be collected to create a new big dataset to evaluate the new system. To
improve the performance of the final score prediction, a more advanced model
is required to increase the general accuracy of the detection of the nuclei and

tumour nuclei.
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7.3 Summary

In summary, the present thesis has investigated three typical problems in digital
histopathology. The problems can be categorized into three levels, according to a
histopathological perspective: pixel level, cell level, and image level. The pixel-
level DAB stain separation method introduced in Chapter 3 belongs to the study
of the colour of pathology stains. The stain colour is the most basic, and one
of the most important pieces of information for diagnosis. At the cell level, one
aspect of cell classification has been studied here, and two different models have
been proposed. Future work would try to investigate more cell-level tasks such
as cell segmentation and cell counting, and try to solve them simultaneously.
Finally, at the image level, this proposed framework is able to combine both
colour and morphology information for a final comprehensive assessment. This
research has demonstrated the possibility of using deep learning techniques to

automatically predict the clinical scores.

From the machine learning and computer vision perspective, the DAB stain sepa-
ration model is a two-class classification method, according to the 3-dimensional
dataset of RGB values, whereas cell image classification belongs to the multiple
class classification category. The latter method can be separated into two parts:
object detection for nuclei region segmentation, and regression for H-Score pre-
diction. While the research for this thesis was been carried out, there was oc-
curring the revolution of deep learning. Hence, the latter two methods use deep
convolutional neural network models. Future work will try more advanced mod-

els and techniques to develop a digital histopathology image analysis system.
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