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Abstract
White blood cells play a vital role in monitoring health condition of a person. Change in count and/or appearance of these 
cells indicate hematological disorders. Manual microscopic evaluation of white blood cells is the gold standard method, 
but the result depends on skill and experience of the hematologist. In this paper we present a comparative study of feature 
extraction using two approaches for classification of white blood cells. In the first approach, features were extracted using 
traditional image processing method and in the second approach we employed AlexNet which is a pre-trained convolutional 
neural network as feature generator. We used neural network for classification of WBCs. The results demonstrate that, clas-
sification result is slightly better for the features extracted using the convolutional neural network approach compared to 
traditional image processing approach. The average accuracy and sensitivity of 99% was obtained for classification of white 
blood cells. Hence, any one of these methods can be used for classification of WBCs depending availability of data and 
required resources.

Keywords  Peripheral blood smear analysis · White blood cells · Classification · Deep learning · Decision support system · 
Computer aided detection

Introduction

Peripheral blood smear (PBS) analysis is a common labora-
tory procedure to assess health condition of a person. White 
blood cell (WBC) analysis plays a vital role in diagnosing 
many diseases such as leukemia, lymphoma, neutrophilia, 
eosinophilia, infections etc. There are five types of WBCs 
namely lymphocyte, monocyte, neutrophil, eosinophil and 
basophil as shown in Fig. 1a–e. They vary in color, shape, 
size and texture. Abnormality of WBCs can be present in 
two ways namely count related disorders and morphology 
based disorders. Complete blood count (CBC) and differen-
tial count (DC) are usually considered in the laboratories to 
diagnose count related disorders. CBC is performed to pro-
vide the total WBC count which includes total count of five 

types WBCs whereas DC is performed to provide the count 
of each type of WBCs. Also morphological analysis such as 
shape, color and size of WBCs are carried out to diagnose 
diseases such as leukemia, lymphoma etc. WBCs vary in 
size, shape and color in abnormal conditions as shown in 
Fig. 1f–j. Abnormal WBCs in the figure include myelob-
lat, lymphoblat and degenerated WBC. These are immature 
WBCs and presence of these cells in peripheral blood indi-
cate leukemia. Analysis of WBCs is a laborious procedure 
and it is burden on hematologists. Automation of detection 
of WBCs would reduce the workload of hematologists. Also, 
automated classification of WBCs will lead to faster diagno-
sis and objective results.

Automation of WBC classification has been addressed 
since last five decades using traditional image processing 
approach. This approach involves image processing pipeline 
consisting of segmentation, feature extraction and classifi-
cation. These are interdependent steps, hence segmentation 
of required region and selected features greatly affect the 
classification results. WBC segmentation is one of the most 
challenging tasks in medical image processing due to its 
complex biological appearance, inconsistent staining and 
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illumination variations in acquired images [1]. Also, qual-
ity of images affect the features of medical data [2]. Hence 
accuracy of classifier may vary depending on the accuracy 
of segmentation of WBCs and features considered for train-
ing the classifier.

Classification of medical images has also been addressed 
using deep learning approach in the recent years. Convo-
lutional neural network (CNN) is a powerful tool in deep 
learning method with combination of mathematics and biol-
ogy [3]. It has gained popularity due to its good performance 
without having to follow the image processing pipeline. It 
takes in the raw pixels and processes them in a hierarchi-
cal manner and can be used for classification. CNN can be 
employed for medical image classification in two differ-
ent ways namely CNN as a classifier and CNN as a feature 
generator. CNN as a classifier involves efficient tuning of 
various parameters of different layers of the network which 
requires large number of training samples. Obtaining large 
number of expert labeled medical data for training is a dif-
ficult task. Also convergence of CNN depends on efficient 
tuning of the parameters [4]. In CNN as a feature generator 
approach, features can be extracted from an existing network 
such as AlexNet, VGGnet, GoogleNet, etc. for a specific 
dataset which can be employed for small datasets [4]. In this 
approach, features are extracted from certain layers of the 
network and later considered for training classifiers. This 
method of extracting features from CNN provides robust 
classification [5].

Many researchers tried to automate WBC differen-
tial count using traditional image processing approach [1, 
6–15]. Neelam et al. [6] compared the results of support 
vector machine (SVM) and neural network (NN) for clas-
sification of WBCs and they reported the accuracy around 
97% using NN and 94% using SVM classifier. SVM and 
NN classifier results were also compared for classification 
of WBCs by Seyed at al. [13]. Nisha Ramesh et al. [7] pro-
posed an automated method to detect and classify normal 

WBCs. Segmentation of nucleus was performed consider-
ing S component of HSV color model and it was cropped 
to obtain cytoplasm. They reported classification accuracy 
of 93.9%. Omid et al. [8] proposed a method for classifica-
tion of WBCs into its sub-types using SVM classifier. They 
used color, geometrical, statistical and moment invariant 
features in their study. They reported the average accuracy 
of 93%. Hiremath et al. [9] reported classification of WBCs 
into neutrophil, monocyte and lymphocyte with accuracy in 
the range of 98–99% They used geometrical features which 
include area, perimeter, circularity, ratio of major axis length 
to minor axis length and nucleus to cytoplasm ratio. Sedat 
et al. [10] compared neural network results with and without 
using PCA algorithm. They reported the overall accuracy 
around 95% with PCA and 65% without using PCA for clas-
sification of WBCs. Jaroonrut et al. [11] proposed a method 
for detection and classification of normal WBCs. They used 
thresholding, morphological operation and ellipse curve fit-
ting for detection of WBCs and Naive Bayes classifier for 
detection of WBC types. They reported the classifier accu-
racy around 98%. Naive Bayesian classifier with incremental 
learning classifier was also used by Mathur et al. [14] for 
classification of WBCs and they reported overall accuracy 
around 92%. Subrajeet et al. [15] used NN for segmentation 
of lymphocyte based on pixel classification. They reported 
the pixel classification accuracy between 90 and 100% for 
classification of pixel into nucleus, cytoplasm and back-
ground. In order to detect acute myeloid leukemia (AML), 
Agaian et al. [16] employed a combination of k-means clus-
tering and CIE LAB color space representation for detec-
tion of nuclei. The study reported extraction of shape, color 
and texture features which were used to train a SVM clas-
sifier which provided classification accuracy around 98%. 
Moradi et al. [17] used k-means clustering and SVM for 
detection and classification of acute lymphoblastic leuke-
mia (ALL). They reported an average classification accuracy 
around 97%. In order to design a decision support system for 

Fig. 1   WBC types; a lymphocyte, b monocyte, c neutrophil, d eosinophil, e basophil, f–j abnormal WBCs
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diagnosis of ALL using microscopic images, Zeinab et al. 
[18] used exponential intuitionistic fuzzy divergence and 
Zack’s thresholding methods for detection of nuclei and 
entire region of WBCs, marker controlled watershed seg-
mentation for separation of overlapped cells and ensemble 
classifier for detection of leukemic WBCs. The combination 
of methods used resulted in classification accuracy around 
98%. Fatichah [19] employed fuzzy morphology based seg-
mentation method and fuzzy decision tree based classifier 
for classification of sub-types of leukemia, thereby achiev-
ing an average classification accuracy around 84%. Azevedo 
et al. [20] used a combination of wavelet transform, fuzzy 
2-partition entropy, genetic algorithm and morphological 
operations for segmentation of WBCs considering images 
of Chronic lymphoblastic leukemia (CLL) cases, thereby 
reporting an overall Dice score of 0.89.

Many researchers employed CNN as a classifier for clas-
sification of medical images [3, 4, 21–25]. Phillip et al. [21] 
used CaffeNet and VGGNet for classification of abdominal 
ultrasound images into 11 classes. They reported the accu-
racy of 90.4% using CaffeNet and 89.7% using VGGNet. 
Tajbakhsh et al. [4] demonstrated the use of fine-tuning 
AlexNet considering four distinct medical images from three 
different imaging modalities. They reported that layer-wise 
fine-tuning is the practical way to obtain best classification 
results based on the application and number of training sam-
ples. CNN as a feature generator approach was employed 
by many research groups [3, 22–25]. Atefeh et  al. [22] 
considered extraction of features using AlexNet for tissue 
classification of coronary artery using random forest and 
SVM classifiers. They reported the classification accuracy 
around 96% using random forest classifier and around 94% 
using SVM. Hyper-spectral image classification was demon-
strated by Yushi et al. [3] by extracting features from various 
convolutional and pooling layers. CNN was employed as 
feature generator for colonic polyp classification [23] and 
mass lesion classification of mammogram images using lin-
ear SVM classifier [24], with accuracy between 86 and 96%. 
Mustain et al. [25] extracted features from fully connected 
layer 2 of the network. SVM classifier was trained using the 
extracted features to detect gastrointestinal polyp detection 
in endoscopic images. They reported the detection accuracy 
of 98.34% and sensitivity of 98.67%.

In the present study, we focused on role of features 
extracted using traditional image processing approach and 
CNN as a feature generator approach for classification 
of WBCs. We extracted shape, color and texture features 
using traditional image processing approach. Also we used 
AlexNet which is a pre-trained CNN to extract features. We 
evaluated the performance of Neural Network (NN) clas-
sifier using these features for classification of WBCs and 
compared the results of the classifier for features extracted 
using the two approaches. Classification of WBCs has been 

performed in steps. The first step was to classify WBCs into 
normal and abnormal and the second step was to classify 
the normal WBCs into lymphocyte, monocyte, neutrophil, 
eosinophil and basophil.

Many research groups developed methods for classifica-
tion of WBCs considering only normal cases [7, 8, 11, 14]. 
These methods may fail in presence of abnormal WBCs. A 
few research groups attempted identification of abnormal 
WBCs but by considering only leukemia cases [16–20]. 
These methods may fail in presence of any other types of 
WBCs such as degenerated WBCs. In the proposed method, 
an attempt was made to classify WBCs considering both 
normal and abnormal cases so that the method could be 
practically useful. The abnormal class includes images of 
leukemia cases, degenerated WBCs, myelocytes and pro-
myelocytes. The main aim of the method is to classify the 
WBCs into normal and abnormal so that abnormal cases can 
be sent to pathologists for further evaluation. This helps in 
faster diagnosis of the abnormal cases.

Materials and methods

This section is divided into three sections namely data col-
lection which is given in  “Data collection”, feature extrac-
tion which is given in  “Feature extraction” and classifica-
tion which is given in  “Classification”. Our approach in the 
present study for classification of WBCs is as follows.

•	 Features were extracted using traditional image process-
ing approach.

•	 We extracted shape, color and texture features using tra-
ditional image processing approach.

•	 We considered local binary pattern (LBP) representation 
of grayscale images for extraction of texture features.

•	 In the ‘CNN as feature generator’ approach we extracted 
features from fc6, fc7 and fc8 layers of AlexNet.

•	 Classification of WBCs was two step process, first step 
was to classify WBCs into normal and abnormal.

•	 The second step was to classify normal WBCs into five 
types namely lymphocytes, monocytes, neutrophils, 
eosinophils and basophils.

•	 We used NN classifier to evaluate the performance using 
the features.

•	 We compared results of the classifier for the features 
extracted using the two approaches.

The block diagram representation of our approach is 
shown in Fig. 2. Input images are color images consist-
ing of a WBC. We considered pre-processing of images 
as per the requirement of the approaches. In traditional 
image processing approach, we segmented WBC into 
nucleus and cytoplasm and features were extracted from 
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both nucleus and cytoplasm. These features were fed to 
WBC Classifier for classification of WBCs.

The WBC Classifier is shown in Fig. 3. We used NN 
classifier in the present study. Classification of WBC is a 
two step process as shown the figure. In the first step, we 
classified WBCs into normal and abnormal. In the second 
step, we classified the normal WBCs into five types as 
given in the figure.

In the ‘CNN as feature generator’ approach WBC 
images were resized as per the requirement of AlexNet. 
We extracted features from three layers of AlexNet which 
is a pre-trained CNN. The features extracted from the 
three layers were separately fed to the WBC Classifier 
for classification of WBCs and results were compared.

Data collection

Images were acquired using OLYMPUS CX51 micro-
scope under 100X magnification with 1600X1200 
resolution from hematology laboratory in KMC hospi-
tal, Manipal, India. We obtained a total of 280 images 
from Leishman stained peripheral blood smears consist-
ing of 26 lymphocytes, 28 monocytes, 67 neutrophils, 
31 eosinophils, 32 basophils and 136 abnormal WBCs. 
These images contained RBCs, WBCs and platelets. The 
groundtruth was obtained from an expert.

Feature extraction

PBS images contain RBCs, platelets, WBCs and staining 
artifacts. Hence, images were cropped to select WBCs. 
Small objects such as platelets and staining artifacts were 
eliminated using image processing techniques such as 
thresholding, area filter and morphological operations. In 
the present study we considered handcrafted features and 
features extracted using deep learning method for classi-
fication of WBCs. The details of feature extraction using 
traditional image processing approach is given in  “Tradi-
tional image processing approach”. The details of feature 
extraction using deep learning approach is given in  “’CNN 
as a feature generator’ approach”.

Traditional image processing approach

Features extracted from region of interest (ROI) plays a sig-
nificant role in classification of WBCs in traditional image 
processing approach. The block diagram representation of 
traditional image processing approach is shown in Fig 4. 
We extracted shape features from nuclei, color features and 
texture features from nuclei and cytoplasm as shown in the 
figure.

The shape and size of nuclei of WBCs vary depending on 
the type of WBC. Hence, we extracted shape features such 
as area, perimeter, circularity, convexity and solidity from 
nuclei of WBCs. We also computed nucleus to cell ratio (NC 
Ratio). The description for the shape features are given in 

Fig. 2   Block diagram of the 
present method

Fig. 3   Block diagram of WBC 
Classifier 
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Table 1. All these shape features were extracted from binary 
representation of the nuclei.

Color of cytoplasm varies depending on type of WBCs. 
Also, color variations can be observed in nuclei of WBCs 
especially in the case of abnormal cells as shown in Fig. 1. 
Hence, we considered mean and variance of R, G and B 
components of original color images, H, S and V compo-
nents of HSV color representation, and L, A and B com-
ponents of CIE LAB color representation from nuclei and 
cytoplasm of WBCs as color features in the present study. 
Depth of color is a distinctive characteristic for classifica-
tion of WBCs. HSV color space helps in representation of 
this information. CIE LAB color space helps in managing 
the illumination variations. CIE LAB and RGB color spaces 
help in representation of various color shades present in the 
different types of WBCs.

Texture variation can be observed in both nucleus and 
cytoplasm of WBCs depending on the type of WBC. We 
considered LBP representations of grayscale images for 
extraction of texture features. LBP is a unified approach for 
statistical and structural texture analysis and is a powerful 
tool to describe local textures [26]. We used circular LBP of 
radius 1. The decimal value of resulting LBP given a pixel 
at (x, y) can be computed as follows.

where, P is neighborhood, R is radius, ic central pixel value, 
ip neighboring pixel value. Function s(x) is defined as 
follows.

LBP representations of grayscale images are shown in Fig. 5. 
In the figure, images in the first row are grayscale represen-
tation of original images and images in the second row are 
LBP images. We extracted texture features such as mean, 
variance, skewness, kurtosis, spatial gray level dependence 
matrix (SGLDM) features and Laws texture features from 
the LBP images.

SGLDM computes 13 features in four directions for 
angles 0, 45, 90 and 135 degrees. The mean and the range 
of these features over the four angles are taken as feature set. 

(1)LBP(P,R)(x, y) =

p−1∑
p=0

s(ip − ic)2
p

(2)s(x) =

{
1 if x ≥ 0

0 if x < 0

Fig. 4   Block diagram of 
traditional image processing 
approach

Table 1   Description of the shape features used in the present study

Feature Description

Area Total number of pixels
Perimeter Path length that surrounds area
Circularity Perimeter

2/4*pi*area
Convexity Perimeter of convexhull/perim-

eter of nucleus
Solidity Area of nucleus/area of conxhull
NC ratio Area of nucleus/area of WBC

Fig. 5   Feature images; 1st row: Grayscale representation of original images, 2nd row: LBP images
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The extracted statistical measures include angular second 
moment, contrast, correlation, variance, inverse difference 
moment, sum average, sum variance, sum entropy, differ-
ence variance, difference entropy and information measures 
of correlation. Mathematical relations for these features are 
given in the Eqs. (3)–(15). The mean and range of these 
features in all four directions results in 26 texture features.

(3)Angular second moment (ASM) =
∑
i

∑
j

p(i, j)2

(4)Contrast =

Ng−1�
n=0

n2
⎡
⎢⎢⎣

Ng�
i=1

Ng�
j=1

p(i, j)

⎤
⎥⎥⎦

(5)Correlation =

∑
i

∑
j (i, j)p(i, j) − �x�y

�x�y

(6)Sum of square (variance) =
∑
i

∑
j

(i − �)2p(i, j)

(7)Inverse difference moment =
∑
i

∑
j

1

1 + (i − j)2
p(i, j)

(8)Sum average =

2Ng∑
i=2

ipx+y(i)

(9)Sum variance =

2Ng∑
i=2

(i − f8)
2px+y(i)

(10)Sum entropy = −

2Ng∑
i=2

px+y(i)log[px+y(i)]

(11)Entropy = −
∑
i

∑
j

p(i, j)log(p(i, j))

(12)Difference variance =

Ng−1∑
i=0

i2px−y(i)

(13)Difference entropy = −

Ng−1∑
i=0

px−y(i)log(px−y(i))

Laws texture measure is obtained using convolution opera-
tion and nonlinear windowing operation on images. The 
2D filters for convolution operation are generated from 1D 
filters namely average gray level (L), edges ( E), spots (S) 
waves (W) and ripples (R). The 1D convolution kernels are 
as given in the Eqs. (16)–(20). It computes energy of pixels 
by summing absolute values of convolved output. This pro-
duces energy maps whose average values are used as texture 
measures [27].

‘CNN as a feature generator’ approach

To evaluate CNN as a feature generator for classification of 
WBCs, we considered extraction of features from various 
layers of a pre-trained CNN. Also, we compared the perfor-
mance of the classifier using the features extracted from dif-
ferent layers of the network . The block diagram of CNN as 
a feature generator approach is shown in Fig. 6. In this case, 
WBC images were directly given as input to the network. 
Features were extracted from three layers of the network as 
shown in the figure. The features extracted from the three 
layers were used to train the WBC Classifier separately as 
shown in Fig. 6.

We considered AlexNet [28] which is a pre-trained CNN 
for extraction of features. Hence, all the images were resized 
to 227x227X3 as per the network requirement. AlexNet is 
an eight layer network with five convolutional layers (Conv1 
- Conv5) and three fully connected layers (fc6, fc7 and fc8) 
as shown in Fig. 7. Each convolution layer is followed by 
rectifier linear unit (ReLU) and max pooling operations. 

(14)

Information measures of correlation1

=
Entropy − HXY1

max(HX,HY)

Information measures of correlation2

= [1 − exp(−2(HXY2 − Entropy))]0.5

(15)

Maximal correlation coefficient

= (Second largest eigenvalue of Q)0.5

Q(i, j) =
∑
k

p(i, k)p(j, k)

px(i)py(j)

(16)L = [1 4 6 4 1]

(17)E = [1 2 0 2 1]

(18)S = [1 0 2 0 1]

(19)W = [1 2 0 2 1]

(20)R = [1 4 6 4 1]
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The last fully connected layer gives the output classes using 
softmax classifier.

Convolution layers extract features from input images 
using convolution operation. It uses filters to produce fea-
tures from images. The size of the output of convolution 
layer depends on number of filters and size of filters. Hence, 
it reduces the size of the input image. ReLU replaces all 
negative pixel values of feature map (output of convolution 
layer) by zero. Pooling layer is used to reduce the dimension 
of the feature map. Different pooling operations can be used, 
such as max pooling, average pooling and sum pooling. Max 
pooling is used in AlexNet. In max pooling, largest element 
is considered for the defined neighborhood.

The network learns features of the input images in a hier-
archical manner. The initial layers learn low-level features 
and subsequent layers learn high-level features. We extracted 
features from fc6, fc7 and fc8 layers of the network as shown 
Fig. 6.

Classification

Features were extracted using traditional image process-
ing approach and ‘CNN as a feature generator approach’. 
To explore the suitability of the features, these features 
were fed to WBC Classifier separately for classification of 
WBCs. In the present study, classification of WBCs was 
performed using two steps using the extracted features. The 
first step was to classify WBCs into normal and abnormal. 

In the second step, we classified the normal WBCs into five 
types lymphocytes, monocytes, neutrophils, eosinophils and 
basophils.

We used NN for classification of WBCs. It is a supervised 
machine learning method which is inspired by biological 
nervous system. It consists of input layer, hidden layer and 
output layer. These layers are linked by weighted connections 
as shown in Fig. 8, which play a vital role in pattern recogni-
tion and classification. In the figure, X1 to Xn are number of 
features given to the input layer. Therefore number of nodes 
in input layer is always equal to number of features given to 
the network. W1 to Wn are weights associated with the con-
nections. Number of nodes in hidden layer is application spe-
cific. Output from the input layer is fed to the hidden layer and 
summation and data transformation takes place in this layer. 
The number of nodes in output layer is equal to the number 
of classes in specific application. Connections from hidden 
layer to output layer are weighted connections. These weights 
are adjusted to match the patterns with labels provided during 
training.

We extracted a total of 113 features which include shape, 
color and texture features using traditional image processing 
approach as given in  "Traditional image processing approach". 
These features were used to train the NN classifier. Also the 
features extracted from the three layers of AlexNet were used 
to train the classifier to evaluate the performance. We used hid-
den layer size of 20 with sigmoid function as activation func-
tion. Scaled conjugate gradient back-propagation with cross 

Fig. 6   Feature extraction using 
‘CNN as a feature generator’ 
approach

Fig. 7   Architecture of AlexNet
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entropy error function was used during training with random 
initialization of weights. We used 80% of the data for training 
and remaining 20% for testing to evaluate the performance of 
the classifier.

Results

In this section, we provide the results of a comparative 
study of the two approaches for features extraction. To 
understand the role of the features, we evaluated the clas-
sifier performance separately for the features extracted 
using the two approaches. Results of the classifier for 
the features extracted using traditional image processing 
approach are given in "Classifier results using traditional 
image processing approach". Performances of the classifier 
for the features extracted from AlexNet are given in "Clas-
sifier results using ‘CNN as a feature generator’ approach".

Classifier results using traditional image processing 
approach

We extracted shape, color and texture features using 
traditional image processing approach. These features 
were used to train the WBC Classifier for classification 
of WBCs. In this section, the results for classification of 

WBCs into normal and abnormal, and classification of the 
normal WBCs into five types are demonstrated.

The results of NN classifier in terms of accuracy, sen-
sitivity and specificity for the features extracted are tab-
ulated in Table 2. It can be observed that, we obtained 
accuracy of 99.7% for classification of WBCs into normal 
and abnormal. Also, sensitivity of 100% is obtained for 
detection of abnormal WBCs as given in the table. This 
implies that, all the abnormal WBCs are categorized cor-
rectly under abnormal class.

We considered classification of the normal WBCs into five 
types namely lymphocyte, monocyte, neutrophil, eosinophil 
and basophil as shown in Fig. 3. Performances of the classifier 
for the features extracted using traditional image processing 
approach are listed in Table 3. The table shows the average 
values of the classifier performance. The average accuracy is 
computed from accuracy obtained for the five classes. The 
confusion matrix is shown in Fig. 9 which gives classification 
results of the types of WBCs. In the figure, class 1 represents 
lymphocyte, class 2 is monocyte, class 3 is neutrophil, class 4 
is eosinophil and class 5 is basophil. It can be observed from 
the figure that, the values of performance measures remain 
above 93% for detection of all the five types of WBCs. Also, it 
can be observed from the figure that, accurate detection can be 
obtained for lymphocytes and basophils using the combination 
of extracted features and the classifier.

Fig. 8   Simple neural network 
architecture

Table 2   Confusion matrix for classification of WBCs into normal and 
abnormal

Actual normal Actual 
abnor-
mal

Predicted normal 183 0
Predicted abnormal 1 136

Table 3   Classifier results for classification of normal WBCs into five 
types using traditional image processing approach

Performance measure Value (%)

Average accuracy 98.4
Average sensitivity 98.4
Average specificity 98.1
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Classifier results using ‘CNN as a feature generator’ 
approach

We also considered classification of WBCs into normal and 
abnormal using the features extracted from the three layers 
of AlexNet. We extracted features from fc6, fc7 and fc8 lay-
ers of AlexNet. Two fully connected layers; fc6 and fc7 lay-
ers provide 4096 features each and fc8 layer generates 1000 
features. To explore the suitability of the features of the three 
layers, we evaluated performance of NN classifier by con-
sidering these features separately for training the classifier. 

Performance of the classifier was evaluated by computing 
accuracy, sensitivity and specificity as in the case of tradi-
tional image processing approach. The bar plot for accuracy, 
sensitivity and specificity for features extracted from all the 
three layers are shown in Fig. 10. It can be observed from the 
figure that, accuracy and sensitivity of the classifier is higher 
for the features extracted from fc8 layer of AlexNet and it is 
100% for classification of WBCs into normal and abnormal. 
Gradual increase in accuracy and sensitivity can be observed 
from the features of fc6 layer to features of fc8 layer.

The features from fc6, fc7 and fc8 layers of AlexNet were 
fed to NN classifier for classification of normal WBCs into 
five types. We evaluated performance of NN classifier by 
considering these features separately for training the clas-
sifier. The average values of the performance measures for 
the features of the three layers are listed in Table 4. It can be 
observed from the table that, NN performs equally well for 

Fig. 9   Confusion matrix for 
classification of normal WBCs 
using traditional image process-
ing approach

Fig. 10   Classifier results for WBC classification into normal and 
abnormal using CNN as feature generator

Table 4   Performance of NN for features extracted from AlexNet for 
classification of normal WBCs

Layer Average accu-
racy(%)

Average sensitiv-
ity (%)

Average 
specificity 
(%)

fc6 98.4 98.3 98.5
fc7 98.9 98.6 98.7
fc8 98.9 99.1 99
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the features extracted from fc7 and fc8 layers of the network 
with average accuracy around 99%. The confusion matrix 
for features extracted from fc8 layer is shown in Fig. 11. It 
can be observed from the figure that, the values of perfor-
mance measures remain above 96% for detection of all the 
five types of WBCs which is higher compared to traditional 
image processing approach. Also, we obtained 100% accu-
racy for detection of lymphocytes and basophils as in case 
of traditional approach. The average detection accuracy is 
higher using the CNN approach compared to the traditional 
image processing approach.

Discussion

There are five types of WBCs namely lymphocyte, mono-
cyte, neutrophil, eosinophil and basophil. They vary in 
shape, size, color and texture as shown in Fig. 1a–e. The 
change in the appearance of WBCs can also be observed in 
the case of abnormal conditions. Images shown in Fig. 1f–j 
are a few abnormal WBC images of our dataset. Variations 
in color, size and texture can be observed in the depicted 
WBCs. These variations are the key features to distinguish 
WBCs. We considered extraction of shape features, color 
features and texture features under traditional image pro-
cessing method. We also considered feature extraction 

from various layers of AlexNet under ‘CNN as a feature 
generator’ approach. We trained the NN classifier using the 
extracted features to classify WBCs into normal and abnor-
mal. Further, the normal WBCs were classified into five 
types to provide the DC of WBCs.

We obtained the average accuracy of 99.7% and sensi-
tivity of 100% for classification of WBCs into normal and 
abnormal using handcrafted features. Also we obtained aver-
age accuracy of 98.4% for classification of WBCs into five 
types. Out of five types of WBCs neutrophils and eosino-
phils consist of lobulated nuclei whereas lymphocytes and 
monocytes consist of non-lobulated nuclei. The considered 
shape features mainly help in distinguishing the WBCs 
into lobulated and non-lobulated nuclei. The color features 
extracted from cytoplasm help in distinguishing neutrophils 
and eosinophils. Also, it can be observed from Fig. 1 that, 
color of nuclei of abnormal WBCs vary significantly. Thus 
color features extracted from the nuclei contribute in detec-
tion of normal and abnormal WBCs. The nuclei and cyto-
plasm of WBCs show different texture patterns depending 
on the type of WBCs. Thus the use of LBP representation for 
texture feature extraction which highlights the local texture 
features provided the accurate detection of WBCs.

We also used the features extracted from the three lay-
ers of AlexNet for classification of WBCs. We obtained 
100% accurate result for classification of WBCs into normal 
and abnormal using the fc8 layer features which is better 

Fig. 11   Confusion matrix for 
features extracted from fc8 layer 
of AlexNet for classification of 
normal WBCs
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compared to the accuracy obtained using traditional image 
processing approach. Also accuracy and sensitivity of 99% 
was obtained for classification of normal WBCs into five 
types. This could be due to the well-known fact that, deep 
networks learn better compared to traditional networks with 
sufficient number of training images. Also in this approach, 
WBC images can be directly used and the features are taken 
care by the network and it is robust to noisy data which is 
common in microscopic images. In CNN, initial layers learn 
basic features such as edges, corner, lines etc. which are not 
sufficient for classification and the succeeding layers derive 
application specific features. This could be the reason for 
better accuracy for features of fc8 layers compared to fc6 
and fc7 layers.

We obtained 100% accuracy for the detection of lympho-
cytes and basophils using both the approaches. The reason 
for accurate detection of these two WBCs is the uniqueness 
in their appearance. The nucleus of lymphocyte is circular 
and its cytoplasm is pale blue. Basophils consist of dark 
blue colored numerous granules which cannot be observed 
on other type of WBCs. This implies that, the considered 
features under traditional approach can be used for accurate 
detection of WBCs. Also AlexNet can be considered as a 
feature generator for classification of WBCs.

In the present study, we considered classification as two 
step process. The first step provides the complete count of 
normal and abnormal WBCs whereas the second step helps 
in DC thereby providing counting of each type of WBCs. 
Thus the proposed method can provide the diagnosis based 
on morphology as well as diagnosis based on DC of WBCs. 
We observed that, normal and abnormal cells can be detected 
with 100% sensitivity using the handcrafted features and also 
using the features of fc8 layer of AlexNet. In an automated 
system, it is important to detect abnormal WBCs with 100% 
sensitivity to provide proper diagnosis to individual by send-
ing abnormal cases for expert opinion. The average values 
of classifier performance obtained for normal and abnormal 
classification was better compared to the five classes. This is 
because of overlap of features while considering classifica-
tion WBCs into five types. Shape and size features of nuclei 
of neutrophil and eosinophil are almost similar. Though the 
color and texture of cytoplasm of these two cells show vari-
ations, these features may also appear almost similar with 
illumination variations. Also the features of monocyte and 
lymphocyte may overlap with change in the illumination 
source, staining method etc. Hence, features used in clas-
sification affects the performance of the classifier. CNN is 
found to be more useful in this scenario provided the dataset 
is large enough and computational resources are available.

Classification of WBCs into normal and abnormal leads 
to faster diagnosis and it also reduces the burden on hema-
tologists/pathologists. Only abnormal cases can be sent for 
further manual evaluation, hematologists/pathologists need 

not look into the normal cases provided the sensitivity of 
detection of abnormal WBCs is 100%.

It can be observed that, both the approaches have compara-
ble accuracy but misclassification is more in case of the tradi-
tional approach compared to that of CNN approach. However 
CNN approach may require more computational resources. 
From Table 2 it can be observed that, out of 184 normal WBCs 
one WBC has been misclassified. Considering PBS analysis 
which uses around 100 views represented by 100 images, 
misclassification of one WBC would not affect the diagnostic 
decision making. Hence, traditional image processing would 
also offer almost equal performance and would be preferable 
where computational resource is a constraint.

Conclusion

In the present study, we considered traditional image process-
ing approach and CNN as a feature generator approach for 
feature extraction. Classification of WBCs were performed in 
two steps. First step was to classify WBCs into normal and 
abnormal and second one was to classify the normal WBCs 
into five types namely lymphocyte, monocyte, neutrophil, 
eosinophil and basophil. We extracted shape, color and tex-
ture features using traditional image processing method. We 
considered LBP representation of grayscale images for texture 
feature extraction as it highlights the local textures. To explore 
the suitability of features for classification of WBCs, we also 
extracted features from various layers of pre-trained network 
using ‘CNN as a feature generator’ approach and compared 
the results. We employed AlexNet, a pre-trained CNN as fea-
ture generator. We evaluated the NN classier results using the 
extracted features. We obtained comparable accuracy using 
both the approaches. However the performance of the classifier 
was found to be slightly better for the features of fc8 layer of 
AlexNet for classification of WBCs. We obtained the accuracy 
of 99.7% for classification of WBCs into normal and abnormal 
and average accuracy of 98.9% for classification of normal 
WBCs into five types. Hence, both traditional image process-
ing approach and ‘CNN as a feature generator’ approach pro-
vide promising results which can be used for classification 
of WBCs. However training of CNN requires large dataset 
and high computing resources in comparison with traditional 
image processing approach.
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