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Abstract: White blood cell (Leukocytes) is made up of bone
marrow located in the blood and lymph tissue. They are portion of
the human body’s immune system, thereby helping the body
system to fight against infection and other related diseases. The
number of leukocytes in the blood is usually part of a complete
blood cell (CBC) test, which may be used to check for conditions
such as infection, inflammation, allergies, and leukemia.
Automation of variance count of leukocytes offers valuable
information to medical pathologist to diagnose and treat of many
blood based diseases. Early characterization and classification of
blood sampleisa major lacuna in the medical field, giving riseto
lots of challengesfor pathologist to adequately predict blood based
disease. Several successful efforts have been made to address the
aforementioned challenges with the use of machine learning
generally and Convolution Neural Network in particular.
However the processor configuration which can result in real
time, and accurate classification of the high dimensional pattern
isimminent, and a vast number of researchers are not explicit on
the system configuration used to obtain the result in their report,
which is the crux of this research. In this research,12,500
augment images of blood cells was obtained from the Kaggle
Repository online. The leukocytes are contained in the blood
smear image and categorized into five major types of their types:
Neutrophil, Eosinophil, Basophil, Lymphocyte and Monocyte.
The color, geometric and texture features are used by the
pathologists to differentiate the leukocytes. The Simulation was
done using python programing language and python libraries
including Keras, pandas, sklearn, numpy, scipy and matplot for
potting of graphs of results. The simulation was done on both
CPU and GPU processor to compare the performance of the
processors on CNNSs based classification of the data. While CPU
hasfaster clock speed GPU has more cores. Hence the evaluation
metrics used which are precision, specificity, sensitivity, training
accuracy and validation accuracy revealed that GPU processor
outperforms CPU in terms of the stated metrics of comparison.
Therefore a high configuration processor (GPU), which handles
graphics better is recommended for processing image data that
involves the use of machine learning techniques
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. INTRODUCTION

The white blood cell(leukocytes) are cells of the immune
system that protect human body against infection and foreign
diseases. The leukocytes are formed from multipotent cellsin
the bone marrow called hematopoietic stem cells.
Leukocytes are created from the body, which include the
blood and Iymphatic system. Hematologists and
hematopathologist are speciadists in diagnosis of diseases of
the blood and bone marrow cells. Hematol ogical tests system
can help diagnose different kinds of diseases such as anemia,
hemophilia, and leukemia. (Luis, Rodrigo, Alan, Flavio,
Romuere, Kelson, 2017).

The detection of leucocyte based disease play an important
role process achieved by medical practitioners which can be
done automatically by building models resulting from
analyzing datasets. These dataset composed of blood samples
data, symptoms and images among othersthat are vital for the
identification of diseasesin a patient. A wrong diagnosis can
be detrimental of the patient, and possibly affect the
prescription of drugs that are not applicable for the treatment
of such diseases. To aleviate this challenges, there exists the
need to have low-cost computational systems that process the
data and provide investigative support for experts at this
critical stage. (Chen, Xu, Yan, Wong, Wong, Liu, 2015).

Similarly, medical organizations have aways challenged
with appraisal and benchmarking in employing automated
detection, specifically when there are no superior models.
Moreover, lack of poor selection of classification for severe
diagnosis of leukemia may be expensive for health
establishments (Alsalem et al., 2019).In the past decades,
several medical assisted systems have been deployed in
various diseases to support early detection and
characterization. Such systems have helped asides other
benefits, reduce the progressive symptom growth, which can
result into loss of life.

[I. RELATED WORK

Syed et a (2016) developed aleukocyte cell segmentation
and classification system that uses a strategy to segment cell
images. A Wiener filter algorithm and Curvelet transform was
employed for enhancement and noise elimination of false
edges of the image. The combination of entropy filter,
thresholding and mathematical morphology was used for
image segmentation and boundary detection.
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Back-propagation neural network was used to classify
leukocyte cell into its sub classes and obtained accuracy of
100%, for basophil, 96.15% for eosinophil, monocyte for
92.30%, lymphocyte for 92.30% and 96.15% for neutrophil
respectively. The segmentation results obtained overwhelmed
the problem of overlapping cells. Thanh et al (2018) proposed
a Convolutional Neural Network (CNN) based method to
distinguish normal and abnormal blood cell images. A largely
augmented dataset was used in order to confirm the accuracy
and reliability of the proposed CNN architecture. The method
achieved an accuracy of 96.6% on a dataset containing 1188
blood cell images.

Bhukya et a., (2017) developed a leukemia detection
system by proposing a new method to separate the cell
Nucleus from Cytoplasm to obtain more features. The work
classified the Leukocyte into healthy or unhealthy based on
various features which were extracted from the cell aswell as
nucleus. This was achieved using the segmentation algorithm
proposed in the work, thereby achieving an accuracy of
93.33% with the use of 80 images from ALL-IDB2 database.
Luis eta. (2017) developed a diagnosis system for
identification of leukemia in white blood cells images using
CNN, Principal Components Analysis (PCA), with group of
three classifiers. In the work, the feature of the blood smear
image was extracted using pre-trained CNNs to obtain the
image description. PCA was used for feature selection for the
final descriptor. Three classification agorithms (Support
Vector Machine, Multilayer Perceptron and Random Forest)
was created to classify the images. A 100% of accuracy rate
was achieved with less processing time. Ramya and Rani
(2019) implemented a bioinspired system that reliably
extracted the features of the images using bioinspired
concept. F-measure and n-fold cross validation techniques
were used as evaluation metrics for the system. The results
achieved by the developed system showed that classifier
performed well and has comparable capability with the
previous works.

Agaian, Madhukar and Chronopoulos, (2018) developed
an automated classification system that contain blood images
of acute lymphoblastic leukemiaof multiple nuclei. Thework
was tested on used features in other existing systems that
include cell energy and colour features. The experiment was
evaluated using multiple cross-validation methods and results
show that there was efficiency in the classification of acute
leukemia in blood cells smear images. Manisha and
Sethukaras, (2019)analyzed and appraised the existing
algorithms and approaches used for detecting blood cancer.
The authors reported that the application of feature extraction
and dimensionality reduction techniques must be applied
efficiently in order to achieve less time detection and
reduction errorsin diagnosis.

However, from the above reviews, the system reguirement
that can achieve a high performance automated detection for
real time adoption were not explicitly stated by the
researchers, hence the intent of this research isto carry out a
comparison between the CPU and GPU based system
configuration respectively, considering the machine learning
algorithms performance metrics in a bid to recommend a
suitable option for possible adoption.

Retrieval Number: F4068049620/20200BEIESP

DOI: 10.35940/ijitee.F4068.059720
Journal Website: www.ijitee.org

555

1. METHODOLOGY

A. Data Acquisition, Image L oading and L abeling

The dataset used in this research was obtained from aggle
online dataset repository. The dataset contains over 12000
images of both testing and training images of white blood
cells samples (leukocyte) as shown in Figure 1.

e

The dataset images stored on host system wasimported into
python programming environment using the jupyter
notebook. The python code instructions were used for image
resizing and other operations are further carried out on the
image data which was subsequently passed on to CNN
process. A CNN consists of an input and an output layer, as
well as multiple hidden layers.

B. Convolutional, pooling and fully connected layer

In this research, the hidden layers comprise the following
convolutional, pooling, normalization and fully connected
layers. The convolutional layers applied convolution
operation to input image and the result is passed to the next
layer. The CL emulates the response of an individual neuron
to visua stimuli. After loading and labelling, the
Convolutional layer (CL)used local connections with the tied
weights to perform feature extraction. The input to the
convolutional layer isan image of the form x*x*r, where ‘x’ is
height and width of image and ‘r’ is the number of channels.
The images are filtered by the size y*y*r such that ‘y’ is less
than the scope initial image. A section of the image, called a
filter -size-portion is extracted and the computation of the
convolution resulted to a unit number of output to which a
biasisadded. Thefilter is glided on the entire whole image to
compute the output. The output strides were concatenated to
obtain a feature map which is a reduced form of the initial
image. The boundary of the input layer is then padded with
zeroes. The Pooling layer (PL) was employed to decrease the
height and width of image feature map. This reduces the
processing time, number of parameters and epochs used. This
research utilized max pooling that has a filter size of f*f was
used for the maximum operation over the image. Therefore,
the application of the pooling was completed with afilter size
of 2*2 using a stride of 2thus decreasing the image into half
size.

The classification layers were applied to classify the
features extracted. The extracted neuron is linked to the
neuron of previous layer. The softmax activation function is
applied to trandate the class of each output of network into
probability distribution. Back propagation and Gradient
descent techniques were used to determine the choice of
parameter for the network. The values of these set of
parameters were randomized and varied for every training
image to obtain a correct output.
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The accuracy of the classifier is inversely proportional to
the cost; hence the cost must decrease. Therefore, the training
was done until the cost is constant and the output stored in a
binary file named model. A new query image is passed on to
the network as input to be classified and its probability is
calculated, giving the output as the inference or prediction.
The whole training data was distributed into groups of images
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called epochs that comprises of 800 or more images resulting
into about 10 iterations to train the training dataset.
A sample CNN is shown in Figure 2.
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Figure 2: A sample convolution neural network

The process flow of the proposed classification system is

shown in Figure 3. The flow begins by preprocessing the

input images and subsequently passing the preprocessed
Ingrutinage
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image on to the CNN for classification. The classification was
carried out differently on both GPU based system as well as
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Figure 3: Process Flow of CNN classifier

IV. RESULT AND DISCUSSION

The simulation was carried out on both a CPU and a GPU
processor in other to compare the performance of such
processors in classifying Leukocytes. The result of the
classification process was evaluated with metrics including
training accuracy, sensitivity, specificity and confusion
matrix

A. Classification using CPU based Processor

Dataset used on CPU based Processor comprises of atotal
of 803 of both training and testing set of white blood cell
images. The system configuration is shown in the table 2
below. CNN as a classifier require a high hardware

configuration in order to result in a more optimized
classification outcome.
Table 1: Hardware Configuration/Requirement used
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Har dware Component Configuration/Requirement
Processor Intel Dual core 1.73Ghz
Processor Type CPU

RAM 3.0GB

B. Training Accuracy and Validation Accuracy

The Training accuracy is the accuracy of the CNN
classifier on the training images.
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The Validation accuracy is the accuracy obtained from
classifying the test images on the CNN Classification model.
Figure 4depicts the training and validation loss. It can be
deduced from this result that the training loss is high and at a
constant rate with increase in the number of epochs.
However, the Validation loss is low and almost at a constant
rate with increase in number of epoch. Thereforeincreasein
epoch has no significant effect on validation loss. Similarly,
figure 5 shows the accuracy and correct classification of the

training and test images
plt.plot(epochs, wal_loss, label="validation loss')
plt.title('Training and validation loss')
plt.xlabel( Epochs’)
plt.ylabel( Loss")
plt.legend()

plt.show()

Training and validation loss

48

u 44 —— Training loss
] Validation loss

38

1000 125 150 175 200 225 250 275 300
Epochs

Figure4: Training and Validation L oss from CPU

plt.plot(epochs, val_acc, label="Validation acc')
plt.title( ' Training and walidation accuracy’)
plt.xlabel( ' Epochs")

plt.ylabel( Accuracy”)

plt.legend()

plt.show()

Training and validation accuracy
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Epochs

Figure5: Training and Validation Accuracy from CPU

The training accuracy islow and constant with increase in
epochs as shown in the figure, while the validation accuracy
increases drastically but drops as the epochs was increased.
Therefore the epoch at the point where the accuracy increases
can be noted and adopted with a CPU system.

C. Confusion Matrix for CNN classifier using CPU
pr ocessor

The leukocyte images consist of five different types giving
rise to five classes, each class possesses certain features and
therefore are been classified by the CNN classification model.

The actual and misclassifications are show in the confusion
matrix in figure 6 in percentage. The vertical representation
depicts known classes while the horizontal representation
depicts the predicted classes. The diagonal boxes of the
confusion matrix show the actual and correct classification of
the different leukocyte according to the correct class. The
other boxes show the misclassification which is the classes
wrongly classified.

CNN Confusi

NELITROPHIL

MONOCYTE EOSINOPHIL

LYMPHOCYTE

BASOPHIL

Figure 6: Confusion matrix on CPU system

D. Precision, Sensitivity and Specificity Evaluation
(i) Precision: is computed as TP/ (TP+FP). Therefore, the
“five class precision will be calculated as
Precision for class A = TPal (TPat+Ebat+Ecat+Edat+Eea)
where:
A is the selected class (A...An)
TPaisthe True Positive (correct classification)
Eba.... Eea are the errors of misclassification to the
other classes know as FP (False Positive).
From the Simulation carried out using the CPU system, the
result for the precision is shown in table 2.

Table 2: Precision resultsfor each classes of leukocyte

CLASS PRECISION
NEUTROPHIL \ 0.66
EOSINOPHIL \ 0.62
MONOCYTE ‘ 0.70
LYMPHOCYTE \ 0.62
BASOPHIL \ 0.59

(i) Sensitivity corresponds to the True Positive Rate of the
considered class. The sensitivity is caculated as
TP/(TP+FN). The Five class sensitivity will be calculated as

Sensitivity for class A =TPa/ (T PatEab+Eac+Ead+Eae)
where:

TPaisthe True Positive (correct classification)

Eab.... Eae are the errors of misclassification to the other
classes known as FN (False Negative).
From the Simulation carried out using the CPU system, the
following result shown in table 3 was obtained for the
Sensitivity.
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Table 3: Sensitivity resultsfor each classes of leukocyte

CLASS SENSITIVITY
NEUTROPHIL | 0.67
EOSINOPHIL | 0.65
MONOCYTE | 0.64
LYMPHOCYTE | 059
BASOPHIL | 0.63

(iii) Specificity corresponds to the True Negative Rate. The
specificity is calculated as TN/(TN+FP). Therefore, the five
class specificity will be calculated as
Specificity for class A= TNa/ (TNa+Ebat+Ecat+Eda+Eea)

where:

A is the selected class (A...An)

TNaisthe True Negative
Eba.... Eea are the errors of misclassification to the other
classes know as FP (False Positive). Table 4 shows the result.

Table 4: Specificity resultsfor each classes of leukocyte

CLASS SPECIFICITY
NEUTROPHIL ‘ 0.91
EOSINOPHIL ‘ 0.90
MONOCYTE ‘ 0.93
LYMPHOCYTE ‘ 0.91
BASOPHIL ‘ 0.90

E. Classification using GPU based Processor

The GPU processor uses a remotelvirtual GPU
environment, hosted by Kaggle. The result from the
classification was based on the system configuration in the
table 5 below. Using a GPU processor, the classification
process yielded an optimized result compared to CPU as
shown in the result presented bel ow.

Table 5: Hardware Configuration/Requirement GPU
used

Hardware Component Configuration/Requirement
Processor | GPU core processor

Processor Type |  GPU

RAM | 13gb

System type | Remote/Virtual Operating System

F. Validation Accuracy and training Accuracy

Figures 7 and 8 respectively show the Training and
Validation accuracy, which shows an improved and faster
result over CPU processor as seen in the previous result.

It can be seen from figure 7 that the training lossislow and
constant with increase in epochs, hence the increase in epoch
has no significant effect on the training loss.

However the validation loss at first was very high and then
drops down and remain constant with increase in epochs.
This might suggest that alow validation loss can be achieved
with reduced epoch.

The training and validation accuracy achieved with
increase in epoch with the GPU processor is high and at a
steady rate as shown in figure 8.
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plt.plot(epochs, val_loss, label="Validation loss')
plt.title( Training and validation loss')
plt.xlabel( Epochs’)

plt.ylabel({ Loss")

plt

.legend()

plt.show()

Training and validation loss

—— Training loss
Validation loss

Loss
L I S R R ]

0 50 100 150 200 250 300
Epochs

Figure7: Training and Validation L oss from GPU

Processor
plt.plot(epochs, val_acc,
plt.title('Training and validation accuracy')
plt.xlabel( Epochs")
plt.ylabel( Accuracy’)
plt.legend()

label='Validation acc')

plt.show()

Training and validation accuracy
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Figure8: Training & Validation Accuracy from GPU

G. Confusion Matrix for CNN classifier using GPU

The confusion matrix, shown in Figure 9 is obtained froma
high end system configuration and specification compared to
the CPU, it produces a higher level of accuracy in terms of
correct classification, reduced miss classification and shortest
run time.

CNN Confusion matrix of validation set

MONOCYTE EOSINOPHIL

LYMPHOCYTE

BASOPHIL
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H. Precision, Sensitivity and Specificity Evaluation

The result obtained from the simulation, is presented in table
7, showing the Precision, Sensitivity and Specificity obtained
from a high configuration processor (GPU).The number of
epoch and batch size are 300 and 600 respectively.

Table 7: Result of precision, sensitivity and specificity for

GPU system
CLASS PRECISIO SENSITIVIT | SPECIFICIT
N Y Y

NEUTROPHIL | 0.85 0.87 0.96
EOSINOPHIL | 0.81 0.85 0.95
MONOCYTE | 0.76 0.84 0.94
LYMPHOCYTE | 0.92 0.81 0.98
BASOPHIL | 0.84 0.8 0.96

V. CONCLUSION AND RECOMMENDATION

This work compares the performance of CPU and GPU
processor on classification of Leucocytes using CNN.
Experimental results indicated that a GPU processor based
system results in an improved recognition accuracy for CNN
when large image samples and multiple classes are used.
Therefore, a high configuration processor will be more
appropriate and suitable for classification using convolutional
neural network most especially while considering amulticlass
classification.

The classification accuracy will be further improved upon
by the extension of data set size in order to circumvent
misperception between Basophil and Lymphocyte cells. This
is because their shapes are very similar in small images and
can be achieved by improving the CNN structure for better
performance. In the future the researchers intend to
experiment on the use of other variants of Artificial Neural
Networks such as Capsule Network for classification of
Leukocytes.
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