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Abstract

Researchers developed various methods and algorithms to classify white blood cells (WBCs) from blood smear images to
assist hematologists and to develop an automatic system. Furthermore, the pathological and hematological conditions of WBCs
are related to diseases that can be analyzed accurately in a short time. In this work, we proposed a simple technique for WBC
classification from a peripheral blood smear image based on the types of cell nuclei. The developed algorithms utilized a
histogram of oriented gradient (HOG) feature typically known for application in human disease detection. The segmentation
of WBC nuclei utilizes a YCbCr color space and K-means clustering techniques. The HOG feature contains information about
the cell nuclei shapes, which then is classified using a support vector machine (SVM) and backpropagation artificial neural
network (ANN). The results show that the proposed HOG feature is useful for WBC classification based on the shapes of
nuclei. We are able to categorize the type of a WBC based on its nucleus shape with more than 95% accuracy.

Keywords: Histogram of oriented gradient, K-means clustering, YCbCr color space, WBC classification, Microscopic blood

smear image

1. Introduction

Microscopic analysis of a peripheral blood film, i.e., a
blood smear, provides information on the number and shapes
of cells. This information is highly crucial in the early steps
in diagnosing hematological disorders or other related
medical conditions [1]. For example, the analysis of white
blood cells (WBCs) is essential where information such as
counts of specific cells (e.g., neutrophils, eosinophils,
basophils, lymphocytes, and monocytes) provides
information about how a body is responding to a particular
medicine or condition. However, the standard laboratory
practice requires a manual technique and relies on experts for
the blood smear image analysis. This practice is tedious and
time-consuming. Machine-based automatic analysis reduces
human errors, improves accuracy, and minimizes the
required time for analysis. Automatic detection and
classification of white blood cells in blood smear images can
accelerate the process tremendously [2-4]. An automated cell
classification system usually consists of an image acquisition
system, image processing such as image segmentation,
feature extraction, classification, and interpretation for
further evaluation by experts. For instance, the objective of
feature extraction is to reveal a set of features from an image
of interest, such as textures, lines, corners, and colors. These
features must be informative or unique with respect to the
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desired properties of the original image. Furthermore, the
number of features extracted from an image of interest
improves the accuracy of image classification. Generally, the
classification process includes image segmentation, feature
extraction, and interpretation. Currently, various algorithms
can be used to classify the input features. However, the
accuracy of classification depends only on use of suitable
algorithms. Therefore, it is essential to analyze which
algorithms are most suitable for a particular application.
Typically, the process of WBC classification includes cell
detection using machine learning and artificial intelligence
algorithms. This has been widely studied to assist human-
experts in identifying or providing a pre-classification of
characterized blood cells [5-6]. However, WBC
classification accuracy is greatly influenced by segmentation
and feature extraction processes [7-8]. Therefore, it remains
a challenge in image processing and computer vision.

2. Related work

Most of the selected attributes used for classifying the
WABCs in a blood smear image are morphological in nature
such as geometric [9-10], texture or statistical [11-14],
color [15] shape [16-17], and spatial frequency features
[18-19].
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Figure 1 Example of microscopic peripheral blood smear images with various conditions, i.e., stained cell colorations,
background illumination, cytoplasm granule conditions, maturation stage and altered morphology. (a) Eosinophil cell granules
clearly recognize in high quality image. (b) Granules are hard to identify in low quality image. (c) Normal round shape of a
lymphocyte cell. (d) A deformed lymphocyte shape cell with an altered cell shape. (e,f) Lymphocytes and (g,h) neutrophils at

different cell maturation stages.

Furthermore, some observations are based on nucleus
morphology, for example, lobed versus round,
polymorphonuclear or mononuclear shape, cell size, and the
presence of cell cytoplasm granules, are common
characteristics used for characterization of WBCs [20]. After
the features are extracted, machine learning and neural
networks (NN) are widely used for cell classification.

Unique features such as morphology, nucleus shape, and
presence of cytoplasm granules significantly help the expert-
system to classify the cells, including detecting abnormal
cells. However, all interpretations from the blood smear
images are highly dependent on the quality of the blood
smear preparation. The quality varies between labs [21] and
the instruments used to acquire the images since they have
various microscopes and camera systems [22-23]. Thus, the
staining processes and imaging instruments also produce
variations of nucleus coloration, cytoplasm, and background
that may result in image distortions. For example, the
cytoplasm granules can be used as a texture feature that
provides unique identification of a cell. Unfortunately, these
granules are very small. Sometimes the textures are almost
invisible due to the quality of staining, poor lighting, and
image resolution. These decrease the quality of the sample
image. Hence, information about granule presence is
typically inconsistent and very difficult to use as a significant
cell feature for classification. Therefore, geometric features,
such as shape, are useful features for differentiating WBC
types [24-25].

In this work, we utilized the HOG as a feature defining
WBC nuclei and applied a simple technique for WBC
segmentation from blood smear images. To the best of our
knowledge, HOG feature are typically used in object
detection, e.g., human recognition, and are useful in object
shape pattern recognition. Nevertheless, implementation of
this feature yet to be performed specifically in WBC
classification of blood smear images. The information on
edge or gradient features is very characteristic of local shape.
Thus, we expected that object classification, such as for cell
nuclei, could be achieved using this feature. Therefore, in our

work, we applied HOG to determine shape features of cell
nuclei. Furthermore, the HOG feature might be useful for
other applications of interest concerning the shapes of nuclei
or cells. Additionally, others feature algorithms could be
associated with HOG feature. Figure 1 shows an example of
microscopic peripheral blood smear images. The images
show examples of cells coloration, variation of background
illumination, cytoplasm granules and cell nucleus conditions
including cell maturation stages and deformed cells with
completely altered morphology and image quality.

3. Materials and methods

We proposed simple color thresholding and K-means
clustering for WBC segmentation based on YCbCr
Luminance (Y), with chrominance information for blue and
red component (Cb and Cr) color spaces. These
segmentation steps are essential as the accuracy of the feature
extraction and classification depends on correct
segmentation of cell nuclei. Therefore, our proposed method
overcomes the problems associated with low-quality blood
smear images, e.g., non-uniform background lighting, dye
colorations, inconsistency  cytoplasm, and granule
information, among others. Color thresholding was used to
eliminate most of the red blood cells (RBCs) and artifacts.
Artifacts are due to dust particles and clots of stain or dye
residues in a blood smear image. However, a single
thresholding process cannot remove all of the features, such
as RBCs and artifacts. Therefore, further segmentation of
WBC nuclei using K-means clustering separated the cell
cytoplasm and nuclei. The cytoplasm usually has a pink color
and the cell nucleus is blueish. Therefore, K-means
clustering is more practical than conventional color
thresholding. Segmented WBC nucleus image features are
then extracted using HOG to classify various types of
WBCs, basophils, eosinophils, lymphocytes, monocytes,
and neutrophils using a Support Vector Machine (SVM)
and artificial neural networks (ANN). Figure 2 shows the
framework of WBC classification.
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Figure 3 Block diagram of HOG feature extraction algorithm
3.1 Microscopic blood smear images

Microscopic blood smear images were derived from
leukocyte images for a segmentation and classification
(LISC) database [26]. Peripheral blood hematological
images were taken from healthy subjects. The blood samples
were smeared and stained using the Gismo-Right technique.
Images were acquired using a light microscope (Axioskope
40, Carl Zeiss, Germany) at a magnification of 100X and
captured using a digital camera (SSCDC50AP, Sony, Japan)
at a resolution of 720x576 pixels. Images were captured and
classified by a hematologist as normal WBCs, basophils,
eosinophils, lymphocytes, monocytes, and neutrophils.

3.2 White blood cell and nucleus segmentation

Macroscopic blood smear images are segmented twice.
In the first step, the segmentation is conducted using a color
threshold method based on the YCbCr color space. The
minimum threshold value that is suitable for these database
images is 125 for Cb and 137 for Cr. A pre-processing step
such as color adjustment or histogram equalization is not
required. The database provides various image conditions
such as the stained cell color and overall quality of images.
Color thresholding eliminates most of the RBC objects in the
image. Most of the RBC colors are pink to reddish or
sometimes blueish, containing staining dye residues that
have a similar color as stained WBCs. Therefore, color
thresholding provides better performance in the segmented
image. Next, we performed morphology filtering to clean the
remaining artifacts in the image and segment the WBC to a
size of 150x150 pixels, as shown in Figure 2. The selected
image size was carefully determined for all types of WBCs

to be used later for HOG feature extraction. The reason for
choosing this size was to maintain the original image size,
where some of the WBCs, e.g., monocytes, are bigger than
others cell types. Thus, resizing the segmented image is not
recommended when changing the size of some of WBCs.
This can increase the chance of cell misclassification.

K-means color clustering is used for segmenting a cell
nucleus from the segmented WBC image in the second stage
of the process. Then, we performed linear filtering for image
enhancement, which reduced image noise and improved
coloration effects. The image is segmented by clustering into
five-color clusters in the YCbCr color space. The selection
of color space was determined in our initial work. YCbhCr
demonstrated an appropriate segmentation of cell nuclei
compared to other color spaces suitable for this database.
Next, the maximum Cb and Cr color values are determined
from the clustered objects, where nuclei with purplish to
blueish colors are darker, with much lower color values than
nuclei. To further enhanced the segmented nucleus image,
morphology operations were used to remove remaining
artifacts such as dye particles and filling small holes in the
segmented nucleus image caused by image discoloration.
Figure 2 shows the segmentation process.

3.3 Feature extraction

HOG has become very popular in the field of computer
vision. The advantages of HOG are its capability to describe
object-orientation while showing invariance to geometric
and photometric transformations operating in localized
regions. Furthermore, it is unaffected by changes in shapes
and illumination in larger spatial regions. HOG can be
implemented on both color or grayscale images, however,
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Figure 4 (a) A raw peripheral blood smear image from the dataset. (b-f) Segmented basophils, eosinophils, lymphocytes,
monocytes and neutrophils, respectively, with a size of 150x150 pixels using a YCbCr color threshold and segmentation of

cell nuclei using a K-means cluster technique

Figure 5 The HOG cell size parameter shows the effect of the amount of shape information encoded in a feature, (a-g) a
monocyte nucleus image visualization of spatial information of HOG features of 2x2, 4x4, 8x8, 12x12, 16x16, 32x32, and
64x64 pixels, respectively, and (h) calculated magnitude and directional gradients of a nucleus image

color images yield slightly better performance [27-28]. The
HOG components, such as the size of the HOG cell, i.e., cell
size, are essential to provide details of an object’s shape.
However, a smaller cell size significantly increases the
dimensionality of the HOG feature vector, which requires
additional processing time. We evaluated the most efficient
conditions suitable for nucleus cell classification by
changing the HOG cell size. This helped to identify which
cell size setting encodes enough spatial information to
visually identify the shape of WBC nuclei while reducing the
number of dimensions. Additionally, it helps to speed up the
training and classification processes.

Another critical component in the HOG feature is the
number of cells per block, i.e., the block size. The block size
is the number of cells grouped together in larger blocks.
Reducing the block size captures the gradient of local pixels.
For example, a 2x2 cells block size is suitable for suppressing
image illumination changes. The impact on the distribution
in the histogram by changing the number of histogram bins
on the classification performance will be evaluated because
increasing the number of bins will reduce the orientation of
the gradient range that each bin covers. Figure 3 shows the
WBC nuclei feature extraction algorithm using the HOG
feature.

3.4 WBC classification

A support vector machine (SVM) and artificial neural
network (ANN) were used as classifiers. The performance of
these methods is measured by determined the accuracy of the
WBC class. The performance accuracy of a test is its
capability to correctly differentiate the WBC classes, i.e.,
basophils, eosinophils, lymphocytes, monocytes, and
neutrophils. Performance evaluation is conducted using four
crucial parameters, True Positive (TP), True Negative (TN),
False Positive (FP) and False Negative (FN). TP is a WBC
cell class observation that is positive and predicted to be
positive. TN is a WBC cell class observation that is negative
and predicted to be negative. FP is a WBC cell class
observation that is negative but predicted positive. Finally,
FN is a WBC cell class observation that is positive but is
predicted negative by the system. The performance accuracy
is calculated as:

R _ TPHIN
COUrACY = TP IFP+FN+TN

4. Results

4.1 WBC nucleus segmentation
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Table 1 The accuracy of WBC nucleus classification using a SVM and varying the HOG cell size and histogram bins

Classification Accuracy (%)

Cell size Bins

Avg. acc. (%)

Basophil Eosinophil Lymphocyte Monocyte Neutrophil
2X2 10 76.3 75.4 74.5 81.2 71.3 75.7
2X2 15 83.2 74.4 75.7 76.7 72.8 76.6
2X2 20 79.2 74.6 88.1 75.5 75.3 78.5
2X2 25 88.2 715 82.3 86.7 67.8 79.3
4x4 10 85.4 82.3 75.7 88.3 75.5 814
4x4 15 83.8 77.4 80.6 88.6 74.8 81.0
4x4 20 86.3 83.4 81.2 92.8 80.6 84.9
4x4 25 89.1 79.1 85.4 83.7 75.9 82.6
8x8 10 87.4 67.8 92.7 84.6 87.7 84.0
8x8 15 90.6 69.4 91.7 84.8 88.1 84.9
8x8 20 92.1 69.8 92.3 87.4 86.7 85.7
8x8 25 85.7 70.2 91.4 81.4 86.2 83.0
12x12 10 91.2 71.9 89.5 83.2 90.5 85.3
12x12 15 89.7 73.3 91.6 87.4 91.4 86.7
12x12 20 90.1 75.4 88.4 83.7 91.7 85.9
12x12 25 86.9 72.3 91.2 86.6 89.9 85.4
16x16 10 89.7 68.9 91.4 83.4 88.3 84.3
16x16 15 91.1 73.7 92.5 86.1 88.2 86.3
16x16 20 92.3 74.6 92.7 87.2 91.1 87.6
16x16 25 914 74.3 93.7 84.6 88.8 86.6
32x32 10 90.4 75.5 86.5 100 87.9 88.1
32x32 15 94.3 77.4 94.3 94.5 86.5 89.4
32x32 20 94.3 75.7 91.2 97.8 88.4 89.5
32x32 25 94.1 69.5 91.7 97.6 85.7 87.7
64x64 10 70.5 60.3 72.3 69.4 52.4 65.0
64x64 15 70.3 50.5 76.5 67.3 54.3 63.8
64x64 20 711 48.1 76.7 714 55.1 64.5
64x64 25 75.2 48.1 75.8 76.2 55.3 66.1

Table 2 The accuracy of WBC nucleus classification using a SVM based on histogram bin average for each HOG cell size

Cell size Average classification Accuracy (%) Average accuracy (%)
(pixels) Basophil Eosinophil Lymphocyte Monocyte Neutrophil g y
2x2 81.7 74.0 80.2 80.0 71.8 775
4x4 86.2 80.6 80.7 88.4 76.7 825
8x8 89.0 69.3 92.0 84.6 87.2 84.4
12x12 89.5 73.2 90.2 85.2 90.9 85.8
16x16 91.1 72.9 92.6 85.3 89.1 86.2
32x32 93.3 745 90.9 97.5 87.1 88.7
64x64 71.8 51.8 75.3 71.1 54.3 64.8
The segmented cell nucleus from a two-step 20 and 25 for each cell size. Figure 5 shows an example of

segmentation process based on YCbCr color thresholding
and K-means clustering techniques with a minimum value
color threshold, using a minimum value of 125 for Cb and
137 for Cr are appropriate for all dataset images of all five
types of WBCs i.e., basophils, eosinophils, lymphocytes,
monocytes, and neutrophils. The 150x150 pixels segmented
images are suitable for all datasets. Figure 4 shows an
example of a raw microscopic blood smear image and
segmented WBC with its cell nucleus.

4.2 HOG feature extraction

The HOG feature vectors were calculated from the
segmented nucleus cells of the training images by varying
the cell size and number of bins. Increasing the cell size
reduces the image detail and increases the number of bins.
This will increased the size of the feature vector, which
requires more time to extract the features. Selection of the
correct degree of HOG feature vector in needed to encode
the object information correctly. In this work, HOG cell sizes
were varied as 2x2, 4x4, 8x8, 16x16, 32x32 and 64x64
pixels. In terms of histogram bins, the variation were 10, 15,

HOG feature visualization on a nucleus of each cell size. A
cell size of 2x2 pixels encodes highly detailed nucleus shape
information but increases the HOG feature vector
dimensions. However, a cell size of 64x64 reduced shape
information with significantly lower feature vector
dimensionality.

4.3 Performance of WBC classification using SVM

Supervised learning with SVM based classifiers using a
quadratic kernel function was employed to map the training
data into kernel space. A Sequential Minimal Optimization
(SMO) method was used to find the separating hyperplane
and a one-to-one architecture was used for classification. The
total images of each of five types of WBC considered 180
cells, i.e., a total of 900 images. To reduce training data
overfitting, five-fold cross-validation was used. Table 1
shows the results of classification accuracy by varying the
HOG cell size and histogram bin parameters using a SVM
classifier. Table 2 shows the histogram bins overall average
accuracy for each type of WBC.
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Table 3 The accuracy of WBC nucleus classification using a SVM varying the HOG cell size and histogram bins using ANN

Classification accuracy (%)

Cell size Bins

Avg. acc. (%)

Basophil Eosinophil Lymphocyte Monocyte Neutrophil
2X2 10 93.0 96.3 98.9 95.4 87.4 94.2
2X2 15 95.0 96.2 95.8 93.5 94.4 95.0
2X2 20 94.0 96.0 95.2 96.0 94.5 95.1
2X2 25 97.6 92.9 97.7 88.8 96.6 94.7
4x4 10 93.2 94.5 95.6 90.7 97.2 94.2
4x4 15 94.9 92.1 96.7 935 98.2 95.1
4x4 20 95.5 94.2 95.7 96.1 934 95.0
4x4 25 96.2 93.4 97.8 95.1 95.5 95.6
8x8 10 94.1 96.0 94.6 96.0 97.2 95.6
8x8 15 96.7 95.5 97.8 97.7 96.7 96.9
8x8 20 100.0 95.0 96.7 99.4 96.7 97.6
8x8 25 96.2 98.3 95.6 98.3 93.2 96.3
12x12 10 98.9 95.6 98.3 98.3 96.7 97.6
12x12 15 98.9 95.0 98.9 97.8 95.1 97.1
12x12 20 97.3 95.0 98.9 97.7 95.6 96.9
12x12 25 97.3 96.2 97.2 97.7 96.7 97.0
16x16 10 98.3 96.4 98.9 96.1 95.6 97.1
16x16 15 98.9 97.1 98.3 95.0 96.2 97.1
16x16 20 98.4 97.7 100.0 98.3 94.7 97.8
16x16 25 100.0 95.0 97.3 95.1 95.6 96.6
32x32 10 98.9 92.4 98.9 97.7 96.0 96.8
32x32 15 96.8 88.6 98.9 94.9 89.8 93.8
32x32 20 97.2 89.4 96.2 97.0 90.9 94.1
32x32 25 96.2 90.6 97.2 97.1 90.9 94.4
64x64 10 92.3 81.2 86.9 81.6 75.5 83.5
64x64 15 93.5 80.1 92.0 84.6 81.3 86.3
64x64 20 94.0 76.5 88.9 80.4 79.4 83.8
64x64 25 93.0 77.2 88.2 84.7 79.6 84.5

Table 4 The accuracy of WBC nucleus classification using ANN based on histogram bin averages for each HOG cell size

Average classification accuracy (%)

Cell size Basophil Eosinophil Lymphocyte Monocyte Neutrophil Average accuracy (%)
2x2 94.9 95.4 96.9 93.4 93.2 94.8
4x4 95.0 93.6 96.5 93.9 96.1 95.0
8x8 96.8 96.2 96.2 97.9 96.0 96.6
12x12 98.1 95.5 98.3 97.9 96.0 97.2
16x16 98.9 95.8 98.6 96.1 95.5 97.0
32x32 97.3 90.3 97.8 96.7 91.9 94.8
64x64 93.2 78.8 89.0 82.8 79.0 84.5

4.4 Performance of WBC classification using ANN

900 images of each of five types of WBC were divided
randomly so that 60% were used for network training, 20%
for network validation and 20% for network generalization.
The model used is a two-layer feedforward network, scaled
conjugate gradient backpropagation training method with a
sigmoid transfer function in 10 hidden layers, and a softmax
output layer. We trained the network multiple times to get
the highest overall classification accuracy and a satisfactory
mean square error (MSE). Table 3 shows the results of
classification accuracy when varying the HOG cell size and
histogram bin parameters using ANN. Table 4 shows the
histogram bin overall average accuracy for each type of
WBC.

5. Discussion

The overall average accuracy shows that the ANN model
is the most efficient and outperforms the support vector
machine, as shown in Tables 1 and 3, with more than a 10%
accuracy discrepancy. The reason for the success of the ANN

model is its ability to minimize error in the iterative
procedure of optimizing its parameters, such as the learning
rate. Alternatively, the SVM method has a predefined value
of some input parameters that are hard to define.
Furthermore, the HOG feature descriptor is very large
depending on the HOG input parameters, such as cell size,
number of bins, and overlapping cells, among others, which
sometimes require higher dimension of data. Thus, the ANN
demonstrated its ability to handle these high dimensional
features effectively.

The performance accuracy shows marginal differences
when the cell size is increased for both classifiers. The
accuracy drops significantly at a larger cell size of 64x64
pixels for both the SVM and ANN classifiers. This is because
the dimensions of the feature vectors reduce the information
about the object shape, as visualized in Figure 5. Therefore,
a high number of cells for small object detection it is not
suitable for implementation. Hence, the appropriate HOG
cell size value for a 150x150 pixels image of a WBC nucleus
shows that cell sizes of 8x8, 12x12 and 16x16 pixels provides
better performance than the other sizes using an ANN
classifier, as shown in Table 3. The SVM classifier also
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yielded similar results to ANN. However, the performance is
different when with a cell size of 32x32 pixels. The 32x32
pixels cell size yields the highest performance, as shown in
Table 2. Alternatively, ANN performance begins to drop
when the cell size increases, compared to a SVM, as shown
in Table 4, where the highest performance was with a cell
having 32x32 pixels. This suggests that increasing feature
descriptors provides excellent performance for the ANN
model but not for the SVM.

For both classifiers, the number of histogram bins has an
insignificant influence on the overall performance. The
reason is that the HOG algorithm, as shown in Figure 3, uses
a histogram block normalized to all feature vectors.
Therefore, a fewer number of bins does not provide enough
spatial information about the oriented gradient and would
increase the detection error tradeoff, i.e., miss rate
performance. A greater number of bins, e.g., 9, makes only a
little difference in classification performance [29].

A smaller cell number provides better details of object
spatial information, as shown in Figure 5. However, from the
results, we noticed that for a smaller HOG cell size, less than
8x8 pixels, the results of classification performance
decreased significantly for both SVM and ANN classifiers.
The feature descriptor, for example, using a cell size of 2x2
pixels on a 150x150 pixels input image introduced a few
hundreds of thousands of dimensions, i.e., high-dimensional
spaces. The high dimensions of the feature data resulted
in the disadvantage of dimensionality and increased
computational costs. Furthermore, when the feature
dimensionality increases, the volume of the space increases
so fast that the available data becomes sparse and results in
low performance. Increasing the datasets, such as training
data or reducing the features, could avoid the sparse data
problem [30].

6. Conclusions

We performed classification of WBC nucleus type based
on the HOG feature. The results show that the HOG
feature is suitable for cell-shape classification applications
with high accuracy. Further cell optimization, such as
reducing the feature dimensionality or selection of most
discriminative features, is recommended. HOG combined
with other cell features such as texture and color, among
others are suggested to develop a robust system with
increased performance. This HOG feature is suitable for
implementation in other cell analysis applications.
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