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Abstract

Microscopic evaluation of peripheral blood smear analysis is a commonly used laboratory
procedure to diagnose various diseases such as anemia, malaria, leukemia, etc. Manual
microscopic evaluation is laborious and hence many research groups have attempted to
automate smear analysis. Variations in staining procedure and smear preparation introduces
color shade variations into peripheral blood smear images. Illumination provided by point
source bulb introduces brightness variations across the smear which affects the performance of
an automated method. In this paper we present an image processing algorithm for detection of
nuclei of white blood cells which is robust to color and brightness variations. In the proposed
method we used two different datasets and also five datasets which were derived from original
images by introducing brightness variations. We also compared the results of the proposed
method with four state-of-the-art methods. The results demonstrate that the proposed method
detects nuclei accurately with an average accuracy of 0.99 and Dice coefficient of 0.965.
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1 Introduction

Peripheral Blood Smear (PBS) analysis is a routine work carried out in laboratories to evaluate
the health status of a person. The analysis involves collection of blood sample, preparation of
peripheral blood smear and evaluation of blood cells under a microscope [19]. Manual
microscopic examination is performed to find the cause of a disease to facilitate suitable
treatment to the affected individual [18] by counting blood cells and/or studying size, color,
shape and texture of cells. Hence it is a laborious procedure, time consuming and results show
poor repeatability [1]. Outcome of the analysis depends on instruments, skill and experience of
the technician and methods used to analyze the blood sample.

Peripheral blood comprises of three types of cells namely Red Blood Cells (RBCs), White
Blood Cells (WBCs) and platelets. Blood cells can be differentiated under a microscope
mainly based on their color and size as shown in Fig. 1. Many diseases such as malaria,
leukemia, anemia and thrombocytopenia can be diagnosed by studying shape, size, color and
distribution of the blood cells [15]. Platelets are the smallest among the three types. WBCs are
larger cells and consist of darker nucleus and outer pale cytoplasm. RBCs and platelets do not
contain nucleus. WBCs are of five types namely Neutrophil, Eosinophil, Basophil, Lympho-
cyte and Monocyte. These cells vary in shape, size, color and texture. WBCs are darker
compared to the other objects in stained blood smear images. This is due to the presence of
nucleus. Thus study of nuclei is an important step towards WBC detection and classification.
Many disorders such as leukemia, lymphoma, eosinophilia, neutrophilia and bacterial infec-
tions can be diagnosed by identifying WBCs in peripheral blood smear image. Several efforts
have been made for automated detection of nuclei using PBS images [36].

The main aim of utilizing image processing techniques in medical field is to imitate human
evaluation. Many researchers have tried to automate detection of blood cells from peripheral blood
smear images using image processing in order to help hematologists in diagnosing diseases as a
decision support system [6, 9, 15]. Cell segmentation is one of the most challenging task in medical
image processing due to its complex biological appearance, staining method used and illumination
variations in acquired images [20]. Inconsistency in staining procedure leads to various levels of
expression of staining [6]. This causes the cells to take up varying color shades. The technique
distributes cells in gradually decreasing cell concentration across the smear. Since the cells are
unevenly distributed, cells appear dark in the region of high concentration and pale in the region of
low concentration. Hence the location in the smear where the image is acquired also contributes for
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Fig. 1 Peripheral blood smear image [19]
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color shade variations of cells. The slide under the microscope is illuminated by a bulb which results
in brightness variations across the smear. [llumination is brighter at the center and decreases towards
the periphery at the given field of view. Hence a method for detection of WBCs must be robust
enough to manage all these variations. However most of the methods developed for automation
assume images taken under specific conditions such as uniform illumination [2, 3, 8, 16, 22, 23, 27,
33, 34], carefully acquired images with no overlapping cells [1, 23, 27, 35] and considering images
of specific disorders [2, 11, 16, 24, 34, 35]. Der-Chen et al. [8] proposed a method for nuclei
segmentation based on Otsu’s method using G component of RGB color model and S component of
HSV color model. Genetic algorithm based k-means clustering approach was used for classifying
the five types of WBCs. They reported the accuracy of segmentation in the range of 81-98%
depending on the type of WBC. Lin et al. [16] proposed a method for segmentation of WBCs using
GVF snake with integrated squared error criteria estimation. They used 58 images in their study.
They reported the accuracy of segmentation of nuclei around 94%. Mazin et al. [27] proposed
method for detection of WBCs using image arithmetic and thresholding. Bakht et al. [3] proposed
color based segmentation of WBCs using image quantization and morphological operations. They
used 50 normal blood smear images in their study. The reported average accuracy varied between 94
and 100%. Morteza et al. [2] employed k-means clustering and SVM for recognition of ALL,
thereby obtaining average accuracy around 97%. Seyed et al. [33] proposed image processing
algorithms to recognize five types of WBCs. GramSchmidt orthogonalization with snake algorithm
was used for nuclei and cytoplasm segmentation. Artificial Neural Network (ANN) and Sup- port
Vector Machine (SVM) classifier results were compared. The dataset consisted of 400 samples. An
accuracy of 93% was reported for segmentation of nuclei. Mathur et al. [23] proposed a method for
segmentation of WBCs into nuclei and cytoplasm using active contours without edges. Also, a
method to count number of lobes of nucleus was presented using region splitting algo- rithm for
classification of WBCs. A dataset considted of 237 normal images was considered in their study.
Overall accuracy around 92% was reported using Naive Bayesian classifier. Jaroonrut et al. [10]
proposed a method for detection and classification of WBCs. Thresholding, morphological opera-
tion and ellipse curve fitting were used for detection of WBCs and Naive Bayes classifier was used
for detection of WBC types. Shape and color features of nuclei and cytoplasm were used to train the
classifier. Two datasets consisting of 555 images and 477 cropped images respectively were
considered in the proposed method. The segmentation and classifier accuracy around 98% was
reported. Detection of WBCs using dual-threshold method was proposed in [14]. A combination of
RGB and HSV color space representations was used to detect WBCs. The dataset consisted of 130
images taken from ALL-IDB dataset. The study re-ported an overall segmentation accuracy of 97%.
Nurhanis et al. [22] and Rong Chu et al. [34] also presented a method of nuclei segmentation using
active contours with an accuracy of 92%. Adnan Khashman [1] proposed a method for identification
of blood cells using global pattern averaging and neural net- work, which resulted in correct
identification rate of 99.1%. Farmnoosh et al. [35] proposed a method for detection of nucleus and
cytoplasm using GVF snake algorithm and Zack’s thresholding respectively. The study reported the
use of 20 images and reported average accuracy of 92 and 78% for detection nuclei and cytoplasm
respectively. Minal et al. [11] and Nagabhushana et al. [24] proposed methods using image
arithmetic and thresholding on grayscale images for segmentation of WBCs to detect acute
leukemia. The reported accuracy of methods was between 88 and 93%. Arithmetic operations
and Otsu’s thresholding method were also used for detection of nuclei [20, 31]. The authors reported
an average accuracy of nuclei detection between 75 and 98% depending on the cell type. Congcong
et al. [5] employed a combination of color space decomposition and k-means clustering for detection
of nucleus and cytoplasm of WBCs. Various color space representations namely RGB, HSI and
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CMYK were utilized for segmentation. The study reported the use of 300 PBS images with
segmentation accuracy of 95.7 and 91.3% for nucleus and cytoplasm respectively. Nemane et al.
[25] proposed a method for segmentation of WBCs using image arithmetic and thresholding on gray
scale images. They reported the accuracy around 99%. Ramin et al. [30] proposed a method for
extraction of nucleoli in nuclei of WBCs using k-means algorithm to detect nuclei and curvelet
transform to detect nucleoli. The dataset consisted of 100 images of lymphoid and lymphoblast
cases. The authors reported nucleoli detection specificity of 80.2% with sensitivity of 84.3%. Hayan
et al. [21] proposed segmentation of lymphoblast cells using thresholding and morphological
operations. The authors reported the use of 180 images with at least one lymphoblast and sub-
images having single cell to segment nucleus and cytoplasm. The reported accuracy of segmentation
varied between 90 and 95%. Yiping et al. [37] proposed a method for extraction of WBCs based on
S component of HSI color space and B component of RGB color model using AND, XOR and
morphological operations. They used 10 representative images in their study. Overall segmentation
accuracy around 93% was reported. Leyza Baldo et al. [7] proposed a method for segmentation of
WBCs into nucleus and cytoplasm using morphological operations, watershed segmentation and
scale-space analysis. The dataset consisted of 100 images of normal cases. Rawat et al. [32]
proposed a method for detection of acute lymphoblastic leukemia using hybrid classifiers. Features
such as shape, texture and color features of nuclei and cytoplasm were used to train the classifier.
Thresholding and morphological operations were used for detection of nuclei. The
authors used ALL-IDB2 dataset in their study. Neoh et al. [26] also used ALL-IDB2
dataset for detection of leukemia. Clustering algorithm based on stimulating discriminant
measure was employed for detection of nuclei, which resulted in similarity measure
around 0.86. The authors reported the use of 180 sub-images in their study. It can be
observed that none of the state of the art methods have considered possibilities of
variations in color shades and brightness.

In this paper we present a method for detection of nuclei which is robust to color and
brightness variations. We used images from ALL-IDB2 dataset [13] and also obtained images
from two microscopes with different resolutions. We introduced uniform and non-uniform
brightness variations into the images to demonstrate the robustness of the proposed method.
The details of data collection, methodology and results are provided in following sections.

2 Materials and methods

This section is divided into data collection, development of a robust method to detect nuclei
and introducing brightness variations into the images. We provide the details of data collection
in sub-section 2.1. The details of the proposed method for detection of nuclei is given in sub-
section 2.2. The details of uniform and non-uniform brightness variations which are introduced
to demonstrate the robustness of the proposed method are given in sub-section 2.3.

2.1 Data collection

We used a total of 160 images from ALL-IDB2 dataset available at https://homes.di.unimi.
it/scotti/all which we will be referring to as dataset-1. More details are available in [13]. This
dataset contains both normal and abnormal WBCs. The images in the dataset are cropped
images of size 257X257X3. A few sample images of ALL-IDB2 dataset are shown in Fig. 2.
[llumination variation can be observed between image (a), image (b) and image (d).

@ Springer


https://homes.di.unimi.it/scotti/all
https://homes.di.unimi.it/scotti/all

Multimedia Tools and Applications (2019) 78:17879-17898 17883

Fig. 2 Sample images of ALL-IDB2 dataset

To demonstrate the robustness of the proposed method, we also considered 160 images of
Leishman stained peripheral blood smears which were acquired at 100X magnification from
two different laboratories in KMC hospital, Manipal, India. Lab-1 setup uses OLYMPUS
BX51 microscope with 2560X1920 resolution. We obtained 80 images from lab-1 setup. Lab-
2 setup uses OLYMPUS CX31 microscope with 1600X1200 resolution. We obtained 80
images from lab-2 setup. Figure 3 shows the sample images of the dataset, it can be observed
that color of blood cells and brightness vary significantly across these images. Images in upper
row were acquired from lab-1 setup and images in bottom row correspond to lab-2 setup. The
images contained both normal and abnormal RBCs, WBCs and platelets. We will be referring
to these 160 images as dataset-2.

. -
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Fig. 3 Sample images of acquired dataset: a—d images using lab-1 setup, e-h images using lab-2 setup

@ Springer



17884 Multimedia Tools and Applications (2019) 78:17879-17898

Further, to test the robustness of the proposed method we introduced uniform brightness
variation into the original images. We added a constant of 10 and 20 to the pixel values which
we will be referring as dataset-2a and dataset-2b respectively. We also subtracted a constant of
10 and 20 from the pixel values which we will be referring as dataset-2c and dataset-2d
respectively. To demonstrate the robustness, we also induced non-uniform brightness varia-
tions into the original images which we will be referring to as dataset-2e. Details of the
datasets are provided in Table 1.

2.2 Development of a robust method to detect nuclei

The block diagram of the proposed method is shown in Fig. 4. Input image is a color image.
Pre-processing the input images were considered since this helps in increasing the reliability of
nuclei segmentation [12]. To obtain appropriate selection of region of nuclei, we considered a
novel image enhancement method. The steps used for image enhancement method are as
follows.

1. Input color image / (Fig. 4a)

2. Separate R, G and B components

3. Normalize G component to obtain G, using the relation G, = G/G ¢4, Where Gpeqy 1s the
mean value of G component

4. Contrast enhance G, to obtain G’ using imadjust function of MATLAB

5. Normalize B component to obtain B, using the relation B, = B/B,eu, Where Bieqn is the
mean value of B component

6. Combine G’, G’, B, to obtain I5gp (Fig. 4b)

In this image enhancement method, we replaced R and G component of original color
image by normalized and contrast enhanced G component (G’). We replaced B component by
normalized B (B,) which resulted in GGB color representation of the original image. This
enhances the color of nucleus by eliminating red component in images as shown in Fig. 4b.
This also increases the contrast between the region of nuclei and the background. The GGB
color image is then considered for detection of nucleus using TissueQuant method which is a
color image segmentation method as explained in [28]. This method provides accurate color
segmentation and hence it can be used for selection of nucleus region in peripheral blood
smears [29]. The nuclei of various WBCs present in different color shades. To pick-up all color
shades present in region of nuclei, an accurate color segmentation approach is required. It is

Table 1 Details of the datasets

Dataset Source Number of Images
Dataset-1 ALL-DB2 160
Dataset-2 Lab-1 80
Dataset-2 Lab-2 80
Dataset-2a Brightness+10 160
Dataset-2b Brightness+20 160
Dataset-2c Brightness-10 160
Dataset-2d Brightness-20 160
Dataset-2e Non-uniform Brightness 160
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Fig. 4 Block diagram of the proposed method

reported that TissueQant offers efficient color segmentation by selectively choosing color
shades appropriately.

2.2.1 TissueQuant algorithm

TissueQuant is a color image segmentation method which selects a particular color and its
shades in an efficient manner. It converts given color image to HSI color space and Gaussian
weighting functions are applied on each component of the color space in scoring colors based
on how much they differ from the selected color. Gaussian weighting function assigns higher
score to the color shades which are closer to the selected color. Lower scores are assigned to
color shades which are distant from the selected color based on the width of the Gaussian
weighing functions and other color shades get score of zero. The color score equations for
calculating the score are as follows.

Iy(i,j) = ef(H(i,j)*Hrl)E/l‘l“2 + ef(H("vj)’Hr*l)z/H“‘z (1)
Is(i, ) = ¢ (56582 2)
1,(i, j) = ¢ UGl /12 (3)

Where H,, S, and I, are hue, saturation and intensity values of selected color, H,,, S,,, and 1,, are
the width of Gaussian weighing functions and the LHS of Egs. 1, 2 and 3 are the scores closer
to the selected color of H, S and I components respectively. The final score is obtained as given
in Eq. 4.
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1(i,j) =1 (i,))ds (i, )11 (i, ]) (4)
Where I(i, j) is grayscale image representing color scores of pixels of image.
2.2.2 The proposed method

A bluish color representing the shade of nucleus was as reference color to detect the region of
nucleus appropriately using TissueQuant method. The TissueQuant algorithm scores all shades
of selected color. Hence, the algorithm selects blue and its shades thereby appropriately
detecting nucleus region even in the presence of brightness and color shade variations. A
few platelets and staining artifacts present in the image may also be detected at this level of
nuclei detection. The gray scale image obtained from TissueQuant method was converted into
binary image and used as mask on the original RGB image. The threshold value for this
operation was determined experimentally, so as to approximately select the nuclei region. The
threshold value of 25 was found to be suitable for all the images in the dataset. The resultant
color image represents approximate ROIs of nuclei. To evaluate the brightness level around the
nuclei, we converted the color image representation of the ROIs to HSV representation and
extracted S and V components. We used this step to adaptively select suitable threshold values
for segmentation of nucleus. Algorithm steps for threshold selection are as follows.

1. Input color image / (Fig. 4a)
3. Obtain GGB image /55 (Fig. 4b)
4. Apply TissueQuant on /¢ to obtain /. using Gaussian weighting functions as given
in Egs. (4-7) (Fig. 4c)
Convert [y, to binary image I, using threshold value 7'=25 (Fig. 4d)
Obtain 7, using I, as mask on /
Convert /,, to HSV image I, (Fig. 4f)
9. Extract S and V components of 7, (Fig. 4g and h)
10. Obtain threshold value thresh of S component using Otsu’s threshold method
11. Obtain mean value meanVof V component
12.  Select threshold value T'1 based on thresh and meanV
13.  Apply 71 on I, image to obtain binary image 7,
14.  Apply area filter and morphological closing operation to obtain nucleus (Fig. 4j)

® =W

To assess the brightness level at the neighborhood of each nucleus, we used threshold value
thresh of S component and mean value meanV of V component to categorize images based on
brightness levels. Further, threshold value T1 was selected depending on thresh value and
meanV. Morphological closing operation with disk shaped structuring element of size 10 was
used to connect lobulated nucleus and area filter was used to remove platelets and staining
artifacts. Results of the proposed method was validated by comparing with the ground truth
obtained from an expert.

2.3 Introducing brightness variations into images
To demonstrate robustness of the proposed method we subjected images of dataset-2 to
uniform and non-uniform brightness variations. Methods of brightness variations are explained

in subsections 2.3.1 and 2.3.2.
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2.3.1 Uniform variation of brightness

We subjected images to different brightness levels by adding or subtracting a constant value as
given in Eq. 5. Adding or subtracting a constant value increases or decreases the pixel intensity
uniformly throughout the image. The constant value ‘c’ was varied in the range of —20 to +20
in steps of 10. This resulted in images with either decreased or increased brightness levels as
shown in Fig. 5.

Lyuniform(i, j) = Iyoriginal(i, j) + ¢ (5)
2.3.2 Non-uniform variation of brightness

Non-uniformity in brightness was introduced by using a scaling profile S(k) which was
multiplied to each row of the original image as given in Eq. 6.

Iynon—uniform = I,original *S (k) (6)

Where S(k) is a scaling profile with linearly spaced values. We considered variations of scaling
profile values in horizontal direction as shown in Fig. 6. The algorithm steps to generate S(k)
are as follows:

Obtain the original image /

Obtain the size of the original image

Define scaling factor a=0.25

Define start=1-a and stop=1+a

For index = 1: number of columns, compute S(column) as given in Eq. (7)

nkh WD

(end—start)
(number of columns—1)

S (column) = start + (index—1)*

(7)
This algorithm produces scaling profile of linearly spaced values between 0.75 and 1.25. Each
row of the image is multiplied by this scaling profile to introduce non-uniform brightness
variations in the image as shown in Fig. 6. The gradual change in brightness levels from darker
to brighter shades can be observed in the images as a result of multiplication of original image
with scaling profile.

3 Results and discussions

We attempted to address brightness and color shade variations by considering a novel image
enhancement method and by using TissueQuant method. We considered images from ALL-

v v

(a) (b) () (d) (e)

Fig. 5 Images with different brightness levels a ¢c=—20, b ¢=—10, ¢ original image, d c=+10, e c=+20
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(a) (b)

Fig. 6 Images with non-uniform brightness variation a original image b brightness varied image

IDB2 dataset, images from two different laboratories, and images with uniform and non-
uniform brightness levels to demonstrate robustness of the proposed method. Results obtained
are discussed in the following sub-sections. Results of image enhancement method are
demonstrated in sub-section 3.1. We provide the results of nuclei detection for dataset-1 and
dataset-2 in sub-sections 3.2 and 3.3 respectively. Performance of the proposed method for the
datasets with introduced brightness variations are demonstrated in sub-section 3.4. Compari-
son of the results for all the datasets are also provided in the sub-section. Also, we compared
the results of the proposed method with results of nine state-of-the-art methods.

3.1 Results of image enhancement method

We considered a novel image enhancement method to minimize the color and brightness
variations of the original images. The results of the image enhancement method for dataset-1
are shown in Table 2. It can be observed from the table that, color variation of region of nuclei
is minimized compared to the variation in original images. Also, TissueQuant performs better
for GGB images compared to original images which is evident in Table 1 from column 3 and
column 4 of row 1 and row 4 respectively. It can be observed that the contrast between the
nucleus and the region around the nucleus is high in column 3 compared to that of column 4.
Though there is a small variation in color and brightness levels, image enhancement method
(column 2) clearly differentiates the region of nuclei from the background in the images. The
color variation is managed by TissueQuant method. Also use of adaptive threshold helped in
managing small brightness variations.

Color and brightness variations in dataset-2 are more compared to dataset-1. Hence to
bring out the role of the image enhancement method, we also demonstrated the results of
TissueQuant method for dataset-2. The results of TissueQuant method for original images and
GGB images are shown in Table 3. Color of region of nuclei vary in original images as shown
in Table 3 (column 1). Region of nuclei show less color variation after converting original
images to GGB representation as shown in Table 3 (column 2). TissueQuant results for GGB
images are shown in Table 3 (column 3). It can be observed from the table that, the
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Table 2 Results of TissueQuant on original and GGB images for dataset-1

No. Original Image GGB Images TissueQuant Output TissueQuant Output
for GGB Images for Original Image
1 2 3 4
|
1
2
3
4

performance of TissueQuant for GGB images is superior compared to the results obtained
using original images. This is due to the fact that image enhancement method enhances
the contrast between region of nuclei and the background region. The selected single
reference color using TissueQuant method is suitable for all the images of both the
datasets. Hence, the image enhancement method facilitates automated detection nuclei
with single reference color. TissueQuant method failed to detect the region of nuclei with
single reference color for original images as shown in Table 3 (row 3) whereas it is not so
for dataset-1. This is due to the fact that, color variation of region of nuclei is more in
dataset-2. A single reference color for TissueQuant method is suitable for all the images
of both the datasets. Thus GGB enhancement facilitates fully automated approach of
nuclei detection even in the presence of color and brightness variations.

3.2 Performance evaluation of the proposed method for dataser-1
The results of the proposed automated nuclei detection method are compared with the expert

annotated images for performance evaluation. The results of nuclei detection are shown in Fig.
7, images al-a4 are expert annotated images and images b1-b4 are results of the proposed
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Table 3 Results of TissueQuant on original and GGB images for dataset-2

No. Original Image GGB Images TissueQuant Output TissueQuant Output
for GGB Images for Original Image

4
t9

(a1)

1

1)  (b2) (b3) (b4)

Fig. 7 Nuclei detection results for dataset-1; al-a4 (upper row): expert annotated images, b1-b4 (bottom row):
results of the proposed method
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Table 4 Mathematical relation of similarity measures

Parameters Relation

DSC 2TP/2TP+ FP+ FN)
Accuracy (TP+ TN)ATP + TN + FP+ FN)
Precision rate TPATP + FP)

Recall rate TPATP + FN)

method. It can be observed from the figure that the results of the proposed method match well
with the expert annotated images. Though there was brightness and color variations in the
images, the proposed method performed well. This is due to the combination of image
enhancement, TissueQuant and multiple threshold methods used in the proposed method.
We computed Dice Similarity Coefficient (DSC), accuracy, precision rate and recall rate of
detected nuclei to evaluate the results of the proposed method. The description of the similarity
measures is given in Table 4.

Where TP is true positive, TN is true negative, FP is false positive and FN is false negative.
Dice score measures the similarity between the segmented region of nucleus and the
groundtruth. It approaches 1 if the segmented region and groundtruth are similar. Precision
and recall rates were considered because they are sensitive to region boundaries. Low precision
rate indicates over-segmentation whereas low recall rate indicates under-segmentation. High
value of both the precision and recall rates indicate that the segmented region of nucleus and
the groundtruth are similar.

The mean and Standard Deviation (SD) values of Similarity Measures (SM) for dataset-1
are tabulated in Table 5. It can be observed from the table that the average DSC is around 0.97,
which indicates the region of nuclei detected using the proposed method and the expert
annotated region of nuclei are nearly equal. Also, accuracy of 0.99 indicates the there is less
mismatch between the results of the proposed method and the expert annotated regions. This
could be due to assessment of color shades around the nucleus using TissueQuant method and
also due to multiple threshold values selected depending on brightness variations around the
nucleus region. Threshold based methods can be used for detection of nuclei which is a fast
and reliable method [32].

3.3 Performance evaluation of the proposed method for dataser-2
To test the robustness of the proposed method, we evaluated the proposed method by
considering dataset-2 which consists of images acquired from two different setups as men-

tioned in section 2.1. Results of the proposed method were compared with the groundtruth
images to evaluate the performance of the proposed method. The nuclei detection results for

Table 5 Similarity measures of dataset-1

SM Dataset-1 mean SD
DSC 0.97 0.009
Accuracy 0.99 0.002
Precision 0.96 0.02
Recall 0.97 0.03
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Fig. 8 Nuclei detection results for dataset-2; al-ad(upper row): expert annotated images, b1-b4(bottom row):
results of the proposed method

this dataset are shown in Fig. 8. Images al-a4 in the figure are expert annotated images and
b1b4 are results of the proposed method. It can be observed from the figure that, the results of
the proposed method match well with the expert annotated images even in presence of
brightness variations. This indicates that, the proposed method manages the color and bright-
ness variations present in the images.

To evaluate the performance of the proposed method for this dataset we computed the
similarity measures as in case of dataset-1. The mean and SD of similarity measures for the
dataset-2 are listed in Table 6. It can be observed from the table that, the results obtained are as
good as the results obtained for dataset-1. This implies that, the proposed method is suitable
for detection of nuclei even in presence of color and brightness variations.

The variation of DSC value for the dataset-1 and dataset-2 are shown in Fig. 9. It can be
observed from the figure that, the DSC values remain above 0.94 for majority of the images of
both the datasets. The variation is less for dataset-1 compared to that of dataset-2. This is due
to the fact that, the dataset-2 consists of images of two different resolutions, images of different
color shades and images of brightness variations whereas the images in dataset-1 are cropped
sub-images with less variations in color and brightness levels. Hence less variation can be
observed for dataset-2. Though the variation is more for dataset-1, the average DSC values for
both the datasets remain almost the same. Thus the proposed method can efficiently handle the
color shade variations in PBS images.

Table 6 Similarity measures of dataset-2

SM Dataset-2 mean SD
DSC 0.96 0.017
Accuracy 0.998 0.008
Precision 0.94 0.04
Recall 0.96 0.03
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DSC variations for dataset-1 and dataset-2

Number of images
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Fig. 9 DSC variations between dataset-1 and dataset-2

3.4 Performance evaluation of the proposed method for introduced brightness
variations

To demonstrate the robustness of the proposed method we also considered images of different
brightness levels as mentioned in section 2.1. Details of the method used to introduce
brightness variations into the images are given in section 2.3. We evaluated the results of
the proposed method by computing similarity measures as in the case of dataset-1 and dataset-
2. The mean and SD values of the similarity measures for all the considered brightness
variations are listed in Table 7. It can be observed from the table that, the similarity values
are almost the same for the considered variations. A small variation in DSC values can be
observed. The brightness variations affect the edges of the regions of nuclei, which result in
loss of a few edge pixels. Hence, the variation in DSC values can be observed in Table 7.
Further, non-uniform variation of brightness levels results in region of nuclei to appear in
different shades as shown in Fig. 6. This also results in loss of edge pixels. Though there was
color shade and brightness variations, the proposed method performed equally well for all the
considered variations. Thus it is robust to color and brightness variations.

We compared the DSC and recall rate of nuclei detection for all the datasets. The bar plots
for the average DSC and recall rate are shown in Fig. 10. The DSC and recall rate values
remain almost the same for all the datasets except (dataset-1). The average DSC and recall rate
of detection of nuclei is 0.96 and 0.95 for the combined dataset as shown in the figure. The
DSC and recall rate values are higher for dataset-1 compared to the other datasets. This is due

Table 7 Similarity measures for brightness varied images of dataset-2

SM dataset -2a dataset -2b dataset t-2¢ dataset -2d  dataset -2e
mean SD mean SD mean SD mean SD mean SD

DSC 0.956 0.017 0.957 0.017 0.956 0.017 0.957 0.017 0.956 0.01

Accuracy 0.998 0.001 0.998 0.001 0.998 0.002 0.998 0.002 0.998 0.001
Precision 0.94 0.05 0.94 0.06 0.94 0.05  0.937 0.05 0.937 0.05
Recall 0.955 0.03  0.947 0.03  0.947 0.03  0.947 0.03  0.948 0.03
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DSC and Recall rate Variations for the Datasets
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Fig. 10 Plots for DSC and recall rate for the datasets

to the fact that, the dataset-1 consists of images with less variations and also the images are
cropped images of the whole PBS images.

We also compared the results of the proposed method with the state-of-the art methods. The
similarity measure for nuclei detection is given in Table 8. It can be observed from the table
that, the performance of the proposed method is better compared to the methods proposed in
[5, 8, 10, 20, 26, 31, 33-35]. We obtained average DSC around 0.97 for dataset-1. Also the
average DSC value is considered for a total of 1120 images with color and brightness
variations. This indicates that, use of multiple threshold values as in case of the proposed
method and the method proposed in [8] perform better for images with color and illumination
variations. Madhloom et al. [20] used Otsu’s thresholding method for detection of nuclei and
they reported the accuracy of segmentation between 85 and 98%. Though Otsu’s method gives
the threshold value based on the image intensity level, use of global and single threshold value
for nuclei segmentation for the dataset may not be sufficient to handle the variations present in
the images. Multiple threshold values offer appropriate detection of region of nuclei. The

Table 8 Similarity measure of the state-of-the-art methods and the proposed method

Method Average Similarity Measure
The proposed method 0.965
Gram-schmidt [33] 0.93
Arithmetic operation [20] 0.92
Multi-level thresholding [8] 0.96
Ellipse-curve-fitting [10] 0.93
SDM-based clustering [26] 0.86
Active contour [34] 0.923
GVF snake [35] 0.92
Image fusion [31] 0.894
K-means clustering [5] 0.95
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proposed method gives promising results for detection of nuclei in presence of possible
variations found in microscopic images.

Further, segmentation of nuclei can be explored using visual attention techniques [4] in
which region of interest should have different contrast compared to the background. Since the
contrast of region of nucleus is different from the other regions visual attention method can be
explored for detection of nucleus. Also use of Convolution Neural Network can be explored
for segmentation of region of nucleus. It is reported that, CNN can learn the features by itself
and it can provide greater accuracy [17].

4 Conclusion

In this paper we presented a robust method for detection of nuclei of WBCs. We considered a
novel image enhancement method to minimize the color and brightness variations present in
the images. We used TissueQuant method for color segmentation to detect approximate region
of nuclei. This region was used to assess brightness level around the nucleus and identified an
appropriate threshold value. The robustness of the proposed method was evaluated by
considering images from ALL-IDB2 dataset, a dataset obtained from two lab setups, and
introducing uniform and non-uniform brightness variations into the images. The similarity
measure of the proposed method was compared with nine state-of-the-art methods and was
found to be better. The average DSC of the proposed method for all the images considered
including color and brightness variations is around 0.97.
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