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Abstract

Osteosarcoma and Ewing’s sarcoma are very common bone tumors, and its biopsy is
characterized with spatial distributions of osteoblasts, osteocytes, and osteoclasts. Any
abnormal growth found in these three cells can be either cancerous or benign. This paper

presents enhanced GraphCut-based clustering framework to ascertain malignancy level
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in hematoxylin and eosin (H&E)-stained histopathological images. This approach
executes iterative GraphCut method to extract foreground objects from biopsy image.
Usually, iterative GraphCut needs user interaction to initialize segmentation process. But
in enhanced GraphCut method, this initial data is manually generated using standard
image processing tools. By doing this, experiment shows that quality of proposed
segmentation result is improved. After segmentation of all tissue cells, its categorization
is done through color and topological characteristics. Therefore, domain-specific
methods such as color-based clustering, mathematical morphology, and active contour
are used for feature extraction. This computed features are used to quantify the
characteristics of malignancy and classify them as normal, benign, and cancerous using
multiclass random forest framework. Proposed method is compared with earlier methods

which yields 90% of classification accuracy.
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Abstract. Osteosarcoma and Ewing Sarcoma are very common bone
tumor and its biopsy is characterized with spatial distributions of os-
teoblasts, osteocytes, and osteoclasts. Any abnormal growth found in
these three cells can be either cancerous or benign. This paper presents
enhanced GraphCut based clustering framework to ascertain malignancy
level in Hematoxylin and Eosin (H&E) stained histopathological im-
ages. This approach executes iterative GraphCut method to extract fore-
ground objects from biopsy image. Usually iterative GraphCut needs user
interaction to initialize segmentation process. But in enhanced graphCut
method, this initial data is manually generated with using standard im-
age processing tools. By doing this, experiment shows that quality of pro-
posed segmentation result is improved . After segmentation of all tissue
cells, its categorization is done through color and topological characteris-
tics. Therefore, domain specific methods such as color based clustering;
mathematical morphology and active contour are used for feature ex-
traction.This computed features are used to quantify the characteristics
of malignancy and classify them as normal, benign and cancerous using
multi class random forest framework. Proposed method is compared with
earlier methods yields 90% of classification accuracy.

Keywords: Histopathology , Bone Biopsy ,Cancer Diagnosis , Graph-
Cut , Malignancy Classification

1 Introduction

Cancer is a major cause of death worldwide accounting for 8.8 million deaths in
2015.Primary bone cancers are infrequent, accounting for less than 0.2 percent of
all cancers[1]. As per the American cancer society standardization 3,300 people
will be pinpointed with bone cancer. Around 1,490 people are expected to lose
their life from bone cancer[2]. Tt is evident from the statistics that bone cancer
is spreading across the globe. Therefore, it is pertinent to focus more seriously
on research in health sector. Bone tissue is made up of osteoblasts, osteocytes,



osteoclasts . A destructive growth in these three primitive biological cells of mes-
enchymal can reveal cell differentiation and malignant outgrowth[3].

Cancer diagnosis process has several stages such as clinical examination, radi-
ological examination and biopsy for histopathology. Research work in radiol-
ogy reached its zenith but there is no significant achievement in automation of
histopathology. Therefore, the proposed research work emphasizes development
of automation tool in histopathology field .There are unique challenges due to
the variation in complex tissue structure .By increased bone cancer and ad-
vancement in technology data sets are readily available for study[4]. This study
is indebted to bone cancer with the data sets of Ewing sarcoma and Osteosar-
coma.

Computer-Aided Diagnosis (CAD) systems in Histopathology field benefits the
pathologist to mitigate the workload and for accurate diagnosis. Moreover, lack
of dataset and technical expertise in this field remained unattended [5, 6, 7].
Increased workload pressure on pathologists and demand for early diagnosis is
need of the hour and it is inevitable.This research exploration in pathology paved
the way for collection of literature and dataset to carry out automation work
and it is acknowledged in the review of literature done in my previous work[8].
Research findings witness the development of several algorithms and novel tech-
niques in exploration for segmentation of cell nuclei. These Segmentation tech-
niques such as mathematical morphology [9], watershed segmentation[10], proba-
bility based expectation maximization[11], active contour[12]and region growing
methods[13] works on pixel, color and topological feature with its own discrep-
ancies . It is imperative to conclude from the above noted research work that
accuracy in segmentation of tissue cell is remarkable.

Grab Cut is considered as one of the image partitioning method; since it re-
quires user interaction by specifying window box around the object of interest.
The algorithm calculates the color distribution of the target object and the
background with using model based clustering method. The max-flow min-cut
method is used to separate foreground and background. Misclassified areas are
distinguished and adjusted by rerunning the algorithm. Iterative version of this
algorithm has been used for foreground segmentation[14].

Features of segmented images are the component to extract information regard-
ing the state of disease. Pleomorphism, mitotic activity, cell counts determines
the diagnosis of cancer[15, 16, 17]. Measurement of nuclei count is required for
diagnosis but manual counting of nuclei is too hectic leads to variation in result
and it is evident from the research work done by Fuchs stated 42% variation in
classification of nuclei by Pathologists[18]. This uncertainty created the neces-
sity for developing automation framework counting tool. Cell identification and
classification of digital slide is difficult because of its complicated morphology.
Hence, selection of a classifier is important to deal with large dataset[19].Health
sector needs higher end technology for easy diagnosis.

Organization

Next part of this paper is organized as follows. Section 2 describes methods
to separate malignant structure regions based on Enhanced GraphCut method.



Feature extraction and classification approach is defined in the same sub sec-
tion. Accordingly, experimental result discussion narrated in section 3.Finally,
summary is outlined and future research perspective is highlighted in section 4.

2 Materials and Methods

H&E stained digital slide of bone biopsy plays pivotal role in this research work.
This stained biopsy slide is scanned through a microscope at magnification fac-
tor around 40 converts it into digital form approximately giga byte size as illus-
trated in figure 1(a) and 1(b). Pathologist derives diagnosis observations from
the biopsy slide. These findings cater the need of a Pathologist through simplify-
ing diagnosis process with accurate declaration of disease. Data sets are collected
from KVG Medical College & Hospital, Sullia, Kasturba Medical College & Hos-
pital, Mangalore and Kidwai Institute of Oncology, Bangalore.

Fig. 1: Shows H&E stained bone slide (a) Osteosarcoma osteoid with malignant
cells(b) Small cell Ewingsarcoma shows large pleomorphic cells

It is essential to study the histology of bone, bone forming cells, ostoid pro-

duction, mitotic activity, and the common disorder to characterize normal and
cancerous image. In Osteosarcoma cell manifold features need to be segmented
through automation require the research endeavor. If this research tool succeeds
in bone cancer can be applicable for all common types of cancer.
Figure 2a shows diagram of automated system which classifies their malignancy
state as normal, benign and cancerous. In this study, we use 140 images of bone
biopsy samples and abnormalities are diagnosed through enhanced graphCut
based clustering frame work.

2.1 Preprocessing

Color is one of the predominant factors for malignant analysis. Therefore, pre-
processing working in RGB color space. Stain artifacts cleared with using the
technique of Gaussian filters method to maintain sharp intensity for separating
tissue cells. Image normalization can be done through histogram modification
technique. These preprocessing methods provide high quality images.



Fig.2: (a)Frame work for bone cancer detection (b) Enhanced GraphCut
2.2 Image Segmentation

The proposed approach introduces enhanced GraphCut algorithm for the seg-
mentation of different tissue cells in digital bone biopsy. This approach has two
phases.

1.GraphCut method to extract foreground objects:

Iterative GraphCut algorithm is used to extract foreground objects in biopsy
image. First, user should specify the background pixels by selecting desired fore-
ground object in an image. Algorithm does an initial labeling where all unknown
pixels are identified as foreground class F and all known pixels are set to back-
ground class Bg . Now a Gaussian Mixture Model (GMM) is defined which learns
and create new pixel distribution. A graph G is made from this pixel clusters in
which vertices in the graphs are pixels. Two vertices are selected as seed nodes
namely S and T. Every foreground pixel is connected to S and every background
pixel is connected to T. The edges are weighted based on pixel similarity. The
edges are assigned with minimum cost if there is variance in pixel color .Then a
graphCut algorithm is used to segment the graph based on minimum cost func-
tion. Once minimum weight edges are removed, the pixels which are connected
to S belong toF and those connected to T become Bg. The process is contin-
ued until it converges. The process of portioning the region as foreground and
background is illustrated in figure 2b .

The steps of graphCut process are given in algorithm 1.

2. Color based segmentation method:

To learn the malignancy factors of the different types of bone tissue we run color
based segmentation method which quantizes the pixels of foreground component
into two clusters. These clusters correspond to pink and blue regions. Pink color
represents osteoid deposition and cytoplasm. Starting with user-specified colors
of the objects to be segmented, the algorithm estimates the color distribution
of the target objects using a nearest neighbor rule. Each resultant cluster cor-
responds to blue nuclei and pink osteoid deposition. This result is used in the
next level to determine the abnormality in the images.

2.3 Active contour and mathematical morphology based Feature
Extraction

The proposed approach transforms a segmented tissue component to object do-
main and pixel domain respectively. The method use edge based active contour
method and mathematical morphology to extract lace-like pattern from image



Algorithm 1: Enhanced GraphCut Method

Input : H&E Image,Fi,and Bg where Fg is the foreground which is defined
as unknown part of the image and B¢ known background region.
Foreground selection done manually, so that it covers all types of
tissue structures.
Output: Segmentation of foreground I,,: from image.
1 Initially label foreground F and background Bg pixels depends on the input
provided.
2 Train Gaussian Mixture Mode (GMM) based on initial labeling, which is used
to model foreground and background pixels as two clusters ¢; and cs.
3 Select node S and T from c¢; and ¢z respectively.
4 Construct a graph wherec; pixels are connected to S and cz pixels are
connected to T through edges.
5 Assign weight to edge depends on pixel similarity. Low weight is assigned if
there is variance in pixel color.
6 Use Min-cut algorithm to remove low cost edges.
7 Refine operation until Min- cut algorithm converges.

component. The specification for active contour method is input image and a
mask. For quick and accurate segmentation result, an initial contour nearest to
the object shape is specified. All the identified shapes are then labeled. Morphol-
ogy opening function is performed to estimate the region between defined lower
bound (LB) and upper bound (UB). Finding abnormality in osteoid production
alone not defines the state of lesion. Main idea of separating dark blue com-
ponent is to find out hyperchromatic nuclei. The proposed algorithm is based
on finding almost circular object in blue component. The algorithm starts by
converting blue components into binary image (B). Finding all connected object
in an image and marking each of them with a separate label is called connected
region labeling. For analysis of the detected regions it is required to measure the
features like area and perimeter. Using these two measures, the object roundness
is calculated as given in equation 1.

Roundness — Perimeter)” (1)

drarea

Geometry, morphology and texture are the low level features are used define
abstract concepts such as abnormal mitotic and osteoid production, irregularity
of nucleus shape and size. So the relevant features are extracted from segmented
image components to build classifier model.

2.4 Random Forest for malignancy level classification

Random Forest is the most popular supervised classification method which works
in machine learning for the classification. This serve by building aggregation of
decision trees at training time and output the class by taking the majority votes
of trees. Training set with tissue component labels is used: osteoid deposit, hyper
chromatic nuclei and malignant. Each of this tissue labeled describes specific
feature of malignancy. Row in the training set can be a set of attributes to be



used as pattern for matching. This study needs three classes, normal, benign,
and cancerous, so it requires multiclass . This frame work assigns test data as
three distinct values (namely 1, 2, and 3). An image classified under class 1 is
identified as normal, class 2 as benign and 3 as cancerous.

3 Result interpretation

The iterative GraphCut method was tested using a dataset of different bone
biopsy images, as shown in Figure 3. The result completely depends on Graph-
Cut initialization, which makes the segmentation results sensitive. To address
this issue initial selection of object of are manually built. By performing this effi-
ciency of the graphCut method will be improved by not considering unnecessary
image elements. For defining the tissue objects we run the color based segmen-
tation method on extracted foreground component. The foreground component
contains two prominent colored areas such as pink and blue. The result analysis
can be seen in figure 4 (a) and 4(b).

3.1 Classification Accuracy

A total of 140 Hematoxylin and Eosin (H&E) stained histopathological images
comprising of osteosarcoma, Ewing Sarcoma and normal bone (includes benign).
Total 80 images are used for training purpose remaining images as test set. Train-
ing set with tissue component labels is used: osteoid deposit, hyperchromatic
nuclei, malignant (pleomorphic and abnormal mitotic) .The corresponding clas-
sification accuracy obtained is listed in table 1. These features are trained through
multi-class Random Forest give better performance with 90% accuracy. But ear-
lier studies only stressed upon limited features which led to poor performance.

Manual Diagnosis of Test Data (Analysis from Experts)

1. Cancerous Bone Image: There are 40 images selected for the study, out of
which 20 images are actually having malignant osteoid features and 20 im-
ages shows hyperchromatic nuclei pattern. All these images show abnormal
mitotic activity also.

2. Normal and Benign Image: Total 20 images selected for the study, out of
which 8 images shows normal tissue pattern and 12 images having slightly
abnormal tissue pattern stated as benign.

. The result of classification model is demonstrated in figure 5(a),5(b) and 5(c).
Significance of this study is whatever image used here will be categorized as per
the features. Depending upon the output of these the classifier proposed system
defines malignancy level as normal, benign and malignant. Precision calculates
the result relevancy, while recall determines how many truly relevant results
are returned. Fscore is the union metric of precision and recall which measures
the reconstruction of degree between precision and recall criteria. For normal
images both precision as well as recall has high scores that shows the classifier
is returning accurate results. For cancerous images (Class 3) shows high recall
relates to a low false negative rate. But slight variation is detected in benign



Fig. 3: Figure shows a) Input Image b) Selection of initial Data ¢) Fore-
ground Extraction

(b)

Fig.4: (a) Separation of pink component shows osteoid deposition (b
)Separation of dark blue shows hyperchromatic nuclei

REPORT REPORT REPORT

Fig.5: Automated frame work result for (a ) Osteosarcoma (b ) Ew-
ingsarcoma (c) Normal image

Table 1: Classification accuracy in the test data set
Accuracy Measures (%)

Recall specificity Precision Fscore
Normal(8) 87 100 100  93.048
Benign(12) 75 93.7 75 75

Cancerous(40) 95 84.2 92 93.47




Table 2: : Evaluation of classification result
Diagnosis Process Accuracy

Earlier work depends on nuclei count 76%
Proposed work 90%

images (Class 2) . The reason is some benign images shows abnormal pattern of
tissue cells due to some infections. Hence, classifier assigns this type of images
as class 3 instead of 2.

To investigate the effectiveness of proposed method, we compare with earlier
method where malignancy state defined by considering only nuclei count. The
experiment shows that our method improves the accuracy by 14% as shown in
table 2.

4 Conclusion and future work

Clinical approach and manual diagnosis is insufficient to declare disease like can-
cer. Diversified complex features having different sub-types in bone tissue cells
made diagnosis as most challenging one. Hence, automation framework is essen-
tial for early and quick accurate diagnosis. Many scholars were tried to explore
automation in digital histopathology with limited individual features. This min-
imal characteristics not enough for defining the state of disease because of com-
plex tissue cells in bone images. To overcome these obstacles proposed research
work combined three categories of feature set in bone cancer for classification
of malignancy. Therefore, proposed automated tool framework is commendable
and accuracy of the work is appreciated by Pathologists.

Any research work is incomplete without complete data set and more focused re-
search group. Adequate data sources with dedicated scholars can contribute their
best in this field. Future work is particularly intended to increase the strength
of data sources and involvement of good number of domain experts to robust
techniques.
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