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Abstract— The proposed work is to present a methodology
for segmenting, the nuclei of white blood cells based on
Gram Schmidt orthogonalization & Sparse Representation
for white blood cells classification. The differential counting
of white blood cells reveals invaluable information to
hematologist. These informations are very useful to
hematologist for diagnosis and treatment of many diseases.
The nucleus of white blood cells has the most information
about type of white blood cells, thus an accurate
segmentation of white blood cell’s nucleus seems to be
helpful for other stages of automatic recognition of white
blood cells. The system will focus on white blood cells
disease, Leukemia. The system will use features of
microscopic images & examine changes on texture,
geometry, color, statistical. Changes in these features will be
used as a classifier input.
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. INTRODUCTION

White blood cell composition reveals important diagnostic
information about the patients. Substituting automatic
detection of white cells for manually locating, identifying,
and counting different classes of cells and malignant cells
plays important role in cancer (Leukemia) diagnosis.
Microscopic differential white blood cell count is still
performed by hematologists, being indispensable in
diagnostics with malignance suspicious. While its value as a
reference method for blood samples containing abnormal
cells remaining indisputable, it is slow and subjective and its
reproductivity is poor [1]. Therefore, automation of this task
is very useful for improving the hematological procedure
and accelerating diagnosis of many diseases.

Automatic recognition of white blood cells in
hematological images usually consists of four important
steps, including: preprocessing, image segmentation, feature
extraction and classification. The segmentation step is very
crucial and important, because the accuracy of the
subsequent feature extraction, classification and disease
detection depends on the correct segmentation of white
blood cells. It is also a difficult and challenging problem due
to the complex nature of the cells and uncertainty in the
microscopic images [2].

Therefore, this step is the most important challenge
in many literatures and improvement of nucleus and
cytoplasm segmentation has been the most common effort in
many researches. This work is targeting White Blood Cells
(WBCs) nuclei automatic segmentation. In this research,
Gram-Schmidt orthogonalization is used to enhance nucleus
and weakens other colors, sparse representation is used to
detect classification accuracy and disease detection.

Il. PROPOSED METHODOLOGY
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Fig. 1: General block diagram

A. Preprocessing:

In mathematics, particularly linear algebra and numerical
analysis, the Gram-Schmidt process is a method for
orthogonalizing a set of vectors in an inner product space,
most commonly the Euclidean space.

To apply Gram-Schmidt orthogonalization for the
segmentation of nucleus of white blood cells, we need to do
following steps:

- Greyscale conversion.

- Blob detection.
1) Greyscale Conversion:
In photography and computing, a gray scale or greyscale
digital image is an image in which the value of each pixel is
a single sample, that is, it carries only intensity information.
Images of this sort, also known as black-and-white, are
composed exclusively of shades of grey, varying from black
at the weakest intensity to white at the strongest. So, the
processing becomes easier.
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Fig. 2: (a) Colour image, (b) Gray scale image.
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2) Blob Detection:

Blob detection method is used to detect regions in a digital
image that differ in properties, like brightness, colour,
compared to surrounding regions. Informally a blob is
region of an image in which some properties are constant or
approximately constant. All the points in a blob can be
considered in some sense to be similar to each other.

B. Segmentation

1) Gram-Schmidt Orthogonalization:

In mathematics, particularly linear algebra and numerical
analysis, the Gram-Schmidt process is a method for
orthogonalzing a set of vectors in an inner product space,
most commonly the Euclidean space R". The Gram Schmidt
process takes a finite, linearly independent set S =
{vi. ... v} and generates an orthogonal set S" = {uy, ...,
u,} that spans the same subspace as S.
We define the projection operator by
proj,v. =222y ooy o Y (1)

<U,U>

Where <u, v> denotes the inner product of the
vectors u and v. This operator projects the vector v
orthogonally onto the vector u.
The Gram-Schmidt process then works as follows:
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Fig. 3: The first two steps of Gram-Schmidt process
Based on this method, for a linearly independent
set S = {v;... v}, we can find a vector which has maximum
orthogonality with one desired vector vy and also minimum
orthogonality with other vectors in N dimensional spaces.
This vector wk can be calculated according to following
formula:

k-1 . ()
Wi Vi Yy UL R T — |.3‘|

Lu)-

Therefore, result of inner product of set S by wk is:
< vt D= |

<y d>=K

In Fig. 4, relation between w2 and v1, v2 and v3 is
shown graphically in three dimensional spaces.
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Fig. 4: Relation between w&v1,v2, and v3 in 3D shapes.

2) Segmentation of Nucleus of White Blood Cells:

To apply Gram-Schmidt orthogonalization [3] for the
segmentation of nucleus of white blood cells, a weighting
vector w is calculated, to intensify the desired color vectors
and weakening the undesired color vectors. As shown in
Fig. 6, the inner product of the weighting vector and the
pixel vectors defined from the original image, to produce a
composite image which has maximum intensity in regions
with violet color and minimum intensity in other regions.
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Fig. 5: (a) Original color image, (b) segmented image

Next, by choosing an appropriate threshold based
on the histogram information, we segment the image. The
segmented image will be noisy and contains both of nucleus
areas and platelets. Because these, platelets are smaller than
the nuclei of the white blood cells, by removing small
components, the nuclei are segmented. As explained in the
introduction, the color of nuclei is violet with different
intensities and saturation levels. Also, if we changed the
blood samples, the variations of intensity and saturation may
increase.

Due to this large variation of color, three different
weighting vectors are calculated for the Gram-Schmidt
orthogonalization. For each vector, an image which is
similar to Fig. 5(b) is obtained and an appropriate threshold
is calculated for each image, by using weighted mean and
maximum of their histograms thresholds are computed.
Finally, after thresholding and removing small (fine)
components, we apply the logical “AND” operation to the
results. Fig.6 shows a flow chart for our proposed scheme.
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Fig. 6: Block diagram for proposed scheme

C. Feature Extraction:

For detection of the disease, we need to extract following

features of the images which are present in dataset.
- Mean
- Standard Deviation
- Entropy
- Area
- Homogeneity

1) Mean of the image: It is used to measure the central
tendency.

Mean of the image =Sum of the pixel values/ Number
of pixels.

2) Standard Deviation: It is used to measure the amount of
variation or dispersion of set of data values.

3) Entropy: Entropy of the grayscale image is used to
measure the randomness that can be used to
characterize the texture (arrangements) input image.
Basic formula = -sum (P.*log2. (P))

P is histogram counts.

4) Area: Area of the objects (cells) in binary image.

5) Homogeneity: Homogeneity reveals the information
about the uniformity of several elements and express
how similar all of them are.

D. Classification By Sparse Representation:

Classification is one of the most basic problems in machine
learning and has abundant applications in different areas
including computer vision.

Given training data from multiple classes, the task
is to find the class to which a test example belongs. Now a
day, there has been an increasing interest in classification
problems where the data across multiple classes come from
a collection of low-dimensional linear sub-spaces. In fact,
for many important problems in computer vision such as
face recognition [5], disease detection, motion segmentation
[4], and activity recognition [6], the data lie in multiple low-
dimensional subspaces of a high dimensional ambient space.
However, most existing classification methods do not
clearly take into account the multi-subspace structure of the
data.
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Fig 7: In face recognition, the dictionary has a block
structure where the training images of each subject form a
few blocks of the dictionary.

An important class of methods that deals with data
on multiple subspaces relies on the notion of sparsity.
Specifically, the sparse representation-based classification
(SRC) method [5] looks for the sparsest representation of a
test example in a dictionary composed of all training data
across all classes. More properly, given a dictionary B and a
test example vy, it solves the following non-convex program.

P{'D .

Where |c||, indicates the number of nonzero
elements of c. Assuming that the underlying subspace for
each class is low-dimensional, the sparsest representation of
a test example ideally corresponds to the training data from
the same class. If we consider the problem of robust
classification, among many classification methods, the SRC
method is very efficient. Since it can effectively deal with
corrupted data, within the same sparse representation
framework. By using above procedure of sparse
representation, we are classifying the leukemia disease types
as, acute myeloid leukemia, chronic myeloid leukemia,
acute lymphatic leukemia, chronic lymphatic leukemia, and
total classification accuracy.

min ||e|lo st. y= Be,

I11. EXPERIMENTAL RESULTS

In the above screen shot we can see the experimental result.
In first section we can see, loaded image from data set,
followed by grayscale image of input image, segmented
image, extracted features from segmented image,
classification, classification accuracy, malignance cell
count, detected disease.
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Fig. 8: Experimental result’s snapshot

IV. SOFTWARE TOOL USED

MATLAB which stands for Matrix Laboratory, is the coding
language used here. The version is R2014a
—Itisa high level language for technical computing
- Everything is a matrix - easy to do linear algebra
= Very user friendly interface
- Easy and fast to write code
- Supports developing applications with GUI-
includes GUIDE

V. CONCLUSION

This research is mainly focused on Orthogonality theory
based on Gram Schmidt process to segment nuclei of white
blood cells in hematological images or microscopic images,
followed by feature extraction, and sparse representation for
WBC classification and leukemia disease detection. Shape
features of nucleus such as area, perimeter, circularity etc.
are considered for better accuracy of detection.
Orthogonality theory based on Gram Schmidt process is for
enhancing the desired colour vectors and weakening the
undesired colour vectors, Due to the large variation of
colour in our data, we need to find three vectors instead of
one. Finally, after selecting an appropriate threshold and
removing the small components, "AND" operation is
applied for final segmentation results. This technique is very
simple to implement; when as it is very quick and proficient.
But for establishment of this method on new data, we should
calculate new vectors which are suitable for new data.

We have performed an in-depth analysis of sparse
representations in image classification. Our experimental
results advocates that solely enforcing sparsity is not useful
in terms of recognition rate, at least when the level of noise
remains reasonable. We understood that while sparsity was
not useful during classification, with plain convolution with
the filters giving equal results in terms of recognition rate, it
is important when learning the feature dictionary itself.
Given the high computational burden involved in sparse
coding and the increasing interest in biologically inspired

multilayer architectures, this insight heavily impacts on the
design strategies for image descriptors.
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