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Abstract

Cell count is among the fundamental information in cytopathology and cell
biology and hematology; most of the researchers count cells and observe
morphology manually through microscopes to acquire statistical information. In
general, cell counting is labor-intensive and time-consuming and often very
operator-dependent, especially when counting cells in images with non-ideal
background. And commercial products may not be able to facilitate counting for

such images, either.

In this thesis, sample was prepared from mixing two kind of cell lines
(HUVEC labeled with fluorescence and Jurkat not), and cells in the micrograph of
samples were analyzed and recognized by image processing techniques and
multivariate statistic. First, the histogram of image was classified by Gaussian
mixture model method for foreground and background extraction and processed
with morphological filter for noise removal. Nearest Neighbor method was used to
identify targets according to their features extracted from images. The robustness
of classifier was verified by k-fold cross validation. This algorithm can analyze and

count cells for two fluorescence-stained cells out of non-ideal background.

Results show the image segmentation by Gaussian mixture model is virtually
independent to the environmental condition of images (exposure time, contrast,
and etc.) and the accuracy of recognition is around to 97% for extracting cell
according to the built feature database. The algorithm serves the needs of cell

counting of medical research very well.

II
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Chapter 1. Introduction

1.1. Background of cell counting

Medical image processing has become important in clinic with the progresses
of image theory and technology in recent years, and the application of medical
image is very wide. In a broad sense, an image, which contains physical
information of human and is helpful for medical works or researchers, is a medical
image, such as X-ray film image, magnetic resonance imaging (MRI) and
computed tomography (CT), which are all known to medical image. Some
researchers has developed computer-aided diagnosis (CAD) and computer-assisted
surgery(CAS) technology by combining computers and medical images in recent
years, and image segmentation is one of the most important procedure for all of the

technologies

There has been an increasing need to quantify medical sample for biomedical
research; there are various ways to quantify cell numbers with fluorescent markers
by fluorescence microscopy. Compared to quantitative polymerase chain reaction
(Q-PCR) [1], the method based on microscopy offers very good advantages of
visual feedback, the biases of quantification can be minimized by cautious
examination of the samples, Q-PCR quantifies the numbers of the target genes in
samples. In many cases, gene numbers are not convertible to cell numbers because
the target gene number per microbial genome is unknown, and the number of

genome copies per microbial cell can vary in different growth phases [2].
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In the overview of selected fluorescence labeling quantification methods, the
most used method is fluorescence in situ hybridization (FISH)[2],[3], However,
one disadvantage of FISH is that it is not suitable to differentiate microbes below
the species level[3]. Visual counting of labeled cells is a simple quantification
method with manpower and time consuming especially in complex environmental
samples. Generally, the samples are applied on a microscope slide and the cells
were labeled, but in some cases, the samples were applied on low-cost device, the
result is operator dependent. In order to get an objective cells count, many systems
or algorithms were developed to solve the quantification problems by images

analysis.

Image segmentation for cells is a procedure which extracts some components
that we are interested in from an image. Because of the needs of analyses such as
description, recognition and others, all of those analyses need the divided image
from image segmentation, therefore, image segmentation is the most important

preprocess in image processing.
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1.2. Motivation

There are many developed methods of segmentation recently, such as edge
detection, thresholding, region growing and active contour. Generally, the
complicated algorithm provides better result of segmentation, there are cases of
applications for medical images by various segmentation algorithms, but no
algorithm does perfect image segmentation due to the differences between medical
images and general images, such as the high noise ratio in medical images, lower
contrast and complexity of geometrical shape. For these reasons above, medical

research in image segmentation faces substantial challenge.

Most clinical research need to observe the state of cell from patients, cells
count in the blood is enormous and manual enumeration is labor intensive, a 2ml
blood sample from patient takes 20-30 minﬁtes to count cells, if we can develop an
automatic recognizing system with high accuracy, it can reduce the burden of

clinic researchers.

However, there are some problems in cell image segmentation; it’s difficult to
do automatic cell-counting due to the shape variation, intensity variation of
fluorescent cell, complexity of the background of the image. Due to the different
condition or observer the result of medical image diagnosis becomes different, if

there is a standard for analysis or assist would be helpful.

In this thesis, we tried on Thresholding method with computation of Gaussian
probability model of images to get good result of segmentation. And acquire

information of segmented objects to do recognition by Nearest Neighbor Method,
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because the accuracy of recognition result could be enhanced with training

database.
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Chapter 2. Material & Method

2.1. Cells on a microfluidic disk

The test condition base on a compact disk device as shown in Figure 2-1 , the
device provides several chamber to observe, the observe field in the device is a

ellipse-like shape, and the view fields up to 100 views under microscope.

Figure 2-1 Compact disk device for cell sorting (A) Layout of one sector of the disk:
inlet reservoir (region A) for containing cell sample and collecting target cells for
observation, connecting channel (region C, area in light green), and waste

reservoir (region B). (B) Photo of the disk.
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Red light

Green light

Figure 2-2 Compact disk, merged image and single view field diagram, every
reservoir scanned with around hundréd view fields, every view filed have 2

different fluorescent signal.
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2.2. Procedures of cell counting from images

The data were collected using experimental disk or chip filled with
fluorescent cell line, there are two type of dye can help us distinguish cell and
impurities under the microscope. Store the images of each parts of the view field of

the disk after manual check for focal distance and exposure time.

Matlab was used to pre-process images of stained cells. First, the interested
information of the image was emphasized by adjusting on image contrast, then
calculating the fitting Gaussian mixture model for the histogram to distinguish
foreground from background. Next, the images were binarized according to the
result of foreground-background clusters, and the binarized images were processed

through morphological filters to reconstruct shape of cells and remove noise.

In the part of extracting objects from images, the processed image was labeled
with numbers and the objects position was recorded. Each object was cropped
accordingly, then getting the local features, such as mutual information, correlation,

p-value, or morphological information of cells.

Finally, nearest neighbor method was used to classify objects. The model was
trained and individual cell images were tested, then computing the accuracy of

recognition.
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2.3. Pre-processing image of stained cells

To get better result, the image needs to adjust via pre-processing before image
segmentation or characteristic extraction. Generally, the complicated algorithm
provides better result of segmentation, but complicated algorithm including more
parameters, most of time, the adjustment of parameters is not regular and
time-consuming, the user need to try and error for adjustment on algorithm, it’s not

suit for practical application.

A digital image could be defined as a numeric matrix; the value f(x,y) at
point (x,y) is the intensity of image, the brighter point with higher intensity, gray
scale 1s the intensity of mono color image, and general color image usually
combine with 3 mono color images (red, blue green), the function of digital image

could express as following expression.

fly) =
£(0,0) f(0,1) £(0,2) - f(OLN-1)
FAL0) fAD  fA2) e fON-D
FM=10) f(M=—11) f(M=12) ~ FM—=1N-1)

This expression indicates the intensities and position of every point of a

digital image.
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2.3.1. Adjustment on image intensity

The histogram of digital images is a discrete function indicates the numbers of
pixels to intensity; we can emphasize or analyze certain information of images by

adjusting the histogram.

The sample image and its histogram shown as Figure 2-3 and Figure 2-4, this
image is 16 bit gray scale (range of intensity is 0~65535) format, but the effectual
information only 8-12 bit (range of intensity is 0~255 or 0~4096) depends on the
picture exposure time or other condition in the most of time, so the first step is to
extract useful information and exclude garbage data from raw image. To get the
effectual information, we extract the available part of histogram of the image. This
step not only make the image more clear for display but reduce the size of data,

less data size reduces the compute times.

5x 104
100% origin

ar A Cut 0% number of pixels |
3 L
2 b

1t 4
0

0 100 200 300 400 500 ~6.5x104

ans

Figure 2-3 Histogram of sample image, the components of histogram concentrate
in the range 50 ~ 120, the image will shows only black without intensity

adjustment.
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Figure 2-4 Adjusted image, darkest value set as the minimum intensity of the
original, brightest as the maximum intensity. The cells are bright spot with shape
as circle, the most area of image is background with lots noise and some

impurities.

2.3.2. Distinguishing foreground and background from images

Before segmentation, in order to extract objects from background ,the images
need to be processed for characteristic enhancement, most of cases of image
segmentation were using thresholding, the result of segmentation depends on the

value choose for threshold.

We suppose the distribution components of image are Gaussian distribution,
to divide the foreground and background, we simulate several various Gaussian

models to fit the histogram of images. To segment the image, we do threshold

10
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process the after the mean and standard deviation of Gaussian model were

computed.

After classified the intensity for foreground and background, threshold the
images into binary images, then process with morphological filters to get good

images to segment.

2.3.2.1. Intensity classification based on Gaussian mixture model

To classify the intensities of images to foreground and background, the
Gaussian mixture model(GMM)[4][5][6][7] method was used in fitting intensity
distribution, the Gaussian probability density function as equation ( 2.1 ) ,
Gaussian mixture model function as equation ( 2.2 ), the sum of weighting factor is

1 as equation ( 2.3).

The sample image shown as Figure 2-4 ,its histogram is the blue line shown in
Figure 2-5,and the red line is the Gaussian mixture model fitting to image

histogram, the green lines are 3 individual Gaussian models.

. . (2.1)
glou2) = mexp [_E(x —wW'E M (x—p
p(x) = ayg(x; py, Z1) + azg(x; pp, o) + az g (x; us, X3) (2.2)

0(1+0(2+0(2=1 (23)

11
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Figure 2-5 Gaussian Mixture model and histogram of image, the horizontal bar is
intensity distribution; vertical bar is probability of intensity for each model. The
sum of total area is 1, blue line is distribution of the image to fit, green lines are 3
standard Gaussian models, the red line is the Gaussian mixture model. The figure
indicates 2 models fitting for background (darker intensity) and 1model fitting for
foreground (brighter intensity).

After the computation of the distribution of Gaussian mixture model, the
maximum probabilities of intensity could be found, then cluster and label the
possible cluster for every pixel. Then we gain the visualized distribution on image

shown as Figure 2-6

12

250
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Figure 2-6 Result of cluster of image, this figure shows the most of pixel is

background (red color), and the blue color is foreground.

The colorized image for cluster shown as Figure 2-6, this image shows 3
clusters perfectly, the red for background occupied most area, the blue for
fluorescence targets and green for microscopy noise or impurities. In the method of
Gaussian mixture model approach, the adjusting on parameter (for example, the

exposure time of images) is virtually independent to contrast of images.

13
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2.3.2.2.Thresholding and morphological image processing

After cluster foreground and background of the image, we need to decide a
threshold value to make the image binary for dividing foreground (fluorescent cells,
noise) and background (device background, others),where the threshold value must
be a fitting value for segmentation. The quality of image segmentation rest on the
threshold image, and the result, in order to exclude some noise and connect some

fragments of targets, the image will be applied close and open operator.
Thresholding

1 if fx,y)>T

g = {0 if F,y)<T

First, we threshold image at third cluster (blue color in Figure 2-6), the
processed images shown in Figure 2-7, from the picture, we can found some noises
around 1 pixel spread out the background. Some of the targets were segmented to

fragments.

14
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Figure 2-7 Threshold at third cluster, most of foreground elements are

segmented with a small amount of noise, and some targets were segmented into
many fragments. To remove noise and connect fragments of targets, we applied
close operator first then open operator [8][9]. For convenient, the image was cut

from origin one to display.

15
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The open and close filters were applied with a 3x3 window operator, open
filter can erode the image small than the applied filter, close window connect

object with small gap.

0 1 0
1 1 1
0 1 0

Figure 2-8 Operator window of 3x3

Dilution
4®B = {z|(B)_ nA # ¢}
Erosion
468 ={z|(B), < A * ¢

Open operation

AoB=(A©B)®B
Erosion first then dilution
Close operation

A-B=(A®B)©S B

Dilution first then erosion

16
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()

(c)

Figure 2-9 Process of fragments merging and noise removal. (a) Example of
window of image. (b) Image after applied close operator. Both targets were
processed into integrated targets. (c) Image after applied open operator, the objects

with area within 2x2 were gone.

17
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2.4. Extracting objects from images

In this part, to get information for the following analysis the image was
divided into many local images with objects individually, the threshold value was

estimate by Gaussian mixture model.

2.4.1. Labeling objects

The threshold image was labeled numbers by connected-component based on
4-connectivity [8], this step record the object information of positions, area, axes

lengths for following manual check.

Figure 2-10 Target mask with label, the targets was applied area filter limit in 10 to
1000 pixels.

18
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The gray scale image also applied with the label for manual checking, these

data will be used in classification section.

Figure 2-11 Original Image (red fluorescence) with label.

19
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2.4.2. Local features comparison

In this step, we calculate the areas of every labeled target, and then select
twice size of area of target as a window, compare information of the windows from

original images with different fluorescence.

The compare window shown in Figure 2-12, it’s clear that #1 and #2 only
have red fluorescent signal, but #4 have both red and green, so we can sure that #4

target is impurity or noise.

(#1).. )l ., e

Figure 2-12 Targets within local window of label 1, 2, 4, the left one of window is
cutting from red fluorescent image, right one is cutting from green fluorescent

image.

20
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2.4.3. Extracting features

The features of image is the key to determine a system can be used in clinical
research, the features including morphological features and texture features, for the
application on cell counting, the quality of stained cells are not regular, and the

condition of exposure time is not stable.

In this thesis, we want to find some features which less influence with

environmental condition to raise the accuracy of recognition.

2.4.3.1.Mutual information

The relativity of intensity. between images was calculated by mutual
information method [10], the similarity can be identified according to mutual

information
Mutual information I(x,y) ofvectorx andy,
I(x,y) = I, = Hy + H, — Hy,

o o oo fxy(xry)
- j_wj_wﬁ‘y(x'”l"gﬁxx)fy(y)dXdy'

where H(x) = H, = — f_io f:()logf,(x)dx is entropy of image or vector x,

and

HGY) = ey == [ [ fiyeniogf e y)dxdy

21



Chapter 2 Material & Method 122

2.4.3.2.Correlation

Calculate the correlation between two objects; if the correlation closes to zero

means two object are different, contrarily, they are similar.

Z Z( "‘mn - A an -B)

m n
r=
II

\11 T (A - A J| S Y (B,., - B)

m n \m n /

2.4.3.3.Area of cell

(a)Filled area of target (b)Convex area

Figure 2-13 Calculating area in different method. (a) Threshold result of cell

stained with weak fluorescent signal, (b) convex area of cell

Figure 2-13 shows that that area of an extracted object sometimes does not
express the shapes of cells correctly when the cells were weakly stained. In order
to solve this problem, we use convex area to replace filled area. In this way, the
area will close the normal cell size, and noise size will not change, the cells can be

distinguished from noise.

22
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2.4.3.4.Axis length of cell

Major axis ——>

Minor axis ——>

Figure 2-14 Shape of a cell

Figure 2-14 shows the axes length of a cell. Normally, the shape of a cell is
ellipse or circle, the length of major axis (the maximum length of shape) and minor
axis (axis perpendicular to major axis) are close, but noise or impurities are not, the

ratio of major axis and minor axis is a reference to recognize cells.

23
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2.5. Feature Selection and Classification

There are many features data after extracting features, to classify cells and
impurities by the most influential features, if the data was classified with all
features, the result will be interfered, it’s necessary to select feature for

classification.

2.5.1. Classification Method

There are various ways for the feature classification, expert system, decision
tree [11], support vector machine (SVM) [12], neural network and others. In this
thesis, the data was classified by Nearest Neighbor method [13], besides; the

training data and testing data are using cross-validation method.

24
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2.5.2. Nearest neighbor method

To use Nearest Neighbor method to classify object, the data need to
normalized in a range [14][15], the training sample features are vectors in a
multidimensional space, the algorithm find the nearest distance between training

sample and the testing sample to classify samples.

Figure 2-15 Example of k-Nearest Neighbor

2.5.3. Feature selection

There are two way to select features, forward feature selection and exhausted
feature selection. The exhausted selection tests all the combination of features and
get best combination for classification but spend more time, and forward feature

selection is more economical way to find useful features.

25
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Chapter 3. Results and Discussion

3.1. Results of feature selection

To find best combination of features for classification and verify the
reliability, this experiment tests the performance by k-fold cross-validation with

forward feature selection.

T
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% Impurity
450 - | © Cael
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correlation between images

Figure 3-1 Example of two dimensional feature with classified labeled plot.
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I 0 9 P R I
Positive | Positive | Negative | Negative number

56%  9.1%  734%  11.9%  79.0%  384% 322%  -16.3%

23%  6.1%  763%  152%  78.7% 27.5% 132%  -51.9%

4.1% 5.8% 76.6% 13.5% 80.7%  41.0%  23.1% -43.6%

90.7%  109%  TL6% 7.8%  813% 473% 554%  17.2%
mutual

10.8% 12.9% 69.6%  6.7% 80.4% 45.6%  61.6% 35.1%

information

Table 3-1 Accuracy of classification with single feature

Meaning.

True positive The accuracy of cell recognized as cell

False positive The accuracy of impurity recognized as cell

True negative The accuracy of impurity recognized as impurity

False negative The accuracy of cell recognized as impurity

All The accuracy of total recognition

Recall The fraction of the targets that are relevant to the query
that are successfully retrieved

Precision The fraction of retrieve targets that are relevant to the
search (Al dmld )

Error of cell number The error of the number between positive and cell

gy
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From Table 3-1, the best perform;incé feétu;e for classification is axial ratio of
object, the result shows that axial ratio filter performs best accuracy and recall and
second rank precision. Although axial ratio feature has the best performance in
single feature comparison, the correlation obtain less error of cell numbers, so
correlation feature was choose for the base feature for combination in next feature

selection.
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Err of
Tr.u.e Fa.ls.e Tru.e Fals? All recall Precision cell
Positive | Positive Negtive Negative
number
16.3% 1.3% 80.1% 2.4% 96.4% 92.5% 86.7% -5.4%

158%  1.8%  79.8%  27%  95.5%  89.3%  84.7%  -4.4%
convex area

S 98y 77%  771%  54%  86.9%  61.0%  69.1%  18.1%

axial ratio

Correlation
mutual 8.9% 8.7% 75.6% 6.8% 84.5% 55.1% 61.1% 14.8%

information
Table 3-2 Accuracy of classification with various feature combination

From Table 3-2, the best feature combination for classification is correlation
and convex area (according to the error range of cell number), the table shows that
all performances of combinations are better than single feature. The best feature
combination for performance is not only have high accuracy, but high recall and

precision around 90%. e
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3.2. Cell identification from single view field images

The output result shown as Table 3-3, with the parameters (area of cell and
correlation between different fluorescence), we can use nearest neighbor method to

get class probability distribution.

Correlation Area Group
0.129511 166 Cell
0.407957 157 Cell
0.934183 149 Impurity
0.984538 91 Impurity
0.262623 81 Cell
0.929376 23 Impurity
0.741446 21 Impurity
0.839475 19 H \ Impurity
0.20483 1985 T2 . Cell
0.696385 40Xy - Impurity

Table 3-3 Example of correlatioh__.aanlé_.rga qh'art ok

= = §
To sorting the data, we useIr lihfar,.'quad_ratic and nearest neighbor classify

method to classify the charact"efthics, the !feguif'é shown as Figure 3-2, the
visualized result of classification can be used to examine the distribution of targets

in the feature space.
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3.3. Strategies for cell recognition

In General, the method used for recognizing multi-fluorescence stained cell is

thresholding image by average background or adjust manually.

This system determine background by distribution of image intensity, the
threshold value was adjusted automatically, the threshold value determination is
the important part in the most of time, a bad threshold process for images will

result in the failure on objects and features extraction.

In 2.3.2.1, we can see the distribution of clustering models, in this way, the

threshold efficient is better than traditional method and avoiding try and error.

3.4. Cell sorting for merged image

In practical situation of cell counting, it’s usually that observed region of
slides or devices with large area. For instance, the size of counting region shown as
Figure 3-3 is a rectangle view fields, and image scanned into 3 images with
different position. To merge the images correctly, each image scanned with overlap
margin to check and fitting adjacent images. The process of merged image should

acquire the relative position between images before the combination.
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Figure 3-3 A rectangle region image combine with 3 continuous view fields

Figure 3-4 The same cells appear in different pictures due to the overlap of scan

Figure 3-5 Threshold images of each fields, these images indicate the process

system.

acquire similar segmental result of the same cells.
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Figure 3-6 Result of union operation, the image mask merged according the

position from scanner or computation, the repeated target were united.

3.5. Region detection of inlet reservoir of the disk

The ROI (Region of interest) of the shape of samples is not regular sometimes;
the computation for the area of images outside ROI is times consuming with higher

fail results.

To remove the redundant part of image, I prepare a vector model to
compare with threshold images. Compute and find out the position which most

overlapping and fitting.

Max(Z[f(x,y) nm(x,y)])

foriginal image m: model image

The purpose of this step is reducing the time of computation by avoiding
process the part of image without cells. This step could save 30% time for average.
Generally, boundary detection is an extend process for merged image, the

performance time is longer than single view field images. The images can be
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shrinking to a small size for faster performance time, the error increasing with the

resize ratio.

Take an overview of 3.4 and 3.5 the procedure can be revise to following

step:

1. Region detection for device boundary.

2. Adjusting histogram of image of single field.

3. Gaussian mixture model for dividing foreground and background for each

single view field.

4. Merged image combination.

5. Applying morphological filters

6. Feature extraction

7. Classification
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In the step 2 and 3, the single view field images, rather than entire view
images, will be processed, for the local threshold (threshold to single view field)
has better performance than thresholding to merged image, because each single
view field images has its background intensity distribution and it is different from
entire background intensity distribution. After the single view field images
processed as binary mask images, the binary images were combined as merged

image in step 4 for the subsequent procedures.
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Chapter 4. Conclusion and Future Aspects

In this thesis, a system was developed to count cell with image processing
technic and expert system training to get fine results. In the part of image
processing, the samples analyzed and distinguished foreground and background

without optimizing complicated parameters manually.

The accuracy of results is around 95% for extracting cell in the 10-fold cross
validation test, and the recall and precision were around to 90%, it is sufficient for
the needs of cell counting of medical research, the calculating method of cell area
and the numbers comparison of nearest neighbor method is two of the most
influential part, the calculating way of area size is helping for the dispersing cells
and impurities data. In this experiment, I only use 2 features (area of cells and
correlation between local images), the results 'show that the performance of feature
combination is better than single feature ,this system can be enhance with more

influential feature of cells.

The future work will involve more feature extraction of cells, and
combination of cell recognition and merged images region detection, for the
furthermore, recognize the type of cells by morphological features. The complete
system can implement by integrating the processes of region detection and merged

image in the future work.
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