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method for classification of AD and CN was better
than using one classifier and comparable with state-
of-the-art methods.
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Abstract

Background:Exchange and share of different medi-
cal images as one of the critical parts of patients’
medical records between different departments of
the same hospital or even different hospitals have
always been in demand in recent years. Medical uni-
versitiesinIraninclude affiliated hospitals and med-
ical centers. Most of those hospitals were equipped
with picture archiving and communication systems
(PACS) from different vendors in the past years. The
main challenges concerning the functionality of
current PACS-based workflow with those vendors
are the lack of functionality to capture, store, and
view DICOM and non-DICOM images from other de-
partments other than radiology, as well as the lack
of communication and exchange of medical imag-
ing among hospitals since each vendor has its own
protocol of communication.

Objective: Some advantages of this demand include
allowing healthcare providers for on-demand ac-
cess to medical imaging acquired at other affiliated
hospitals using authentication, reducing unnec-
essary repeated imaging exams and unnecessary
exposure to radiation, better managing the infor-
mation technology resources in the Cloud environ-
ment, satisfying patients and healthcare providers,
and providing timely access to patient medical im-
aging history.

Methods: In this study, we proposed a private Cloud-
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based enterprise imaging solution for each medical
university based on the existing DICOM infrastruc-
ture, which was supported by commonly accepted
standards of all vendors. In each hospital, non-DI-
COM medical images were converted via a “Dicomiz-
er” to DICOM and beside native DICOM images were
sent via a “Router” module to the Central Archiving
solution located in private Cloud of the Medical Uni-
versity. By utilizing the Router module, it was pos-
sible to transfer images even in narrow bandwidth
lines via lossless/lossy compression under TLS/SSL
protocol, making necessary DICOM coercions and
adding DICOM tags and facilitating the possibility of
having some other useful features. A zero-footprint
viewer was considered in the Cloud environment for
the purpose of anytime/anywhere viewing of patient
studies.

Results: The primary test of the Router module even
through the internet network was encouraging. It
seemed this module could work much more effec-
tive through the intranet of medical universities
and the affiliated hospitals.

Discussion: Besides transferring images by Router,
this module could add or coerce some necessary DI-
COM tags, facilitating the categorization of studies,
automatic pseudonymization of patient data, and
support of all DICOM store classes including non-
image classes like structured reports.

Conclusion: The proposed method of archiving En-
terprise Imaging in private cloud using the existing
DICOM infrastructure seems feasible, cost-effective,
and convenient since it does not affect the current
workflow of archiving of medical images in affili-
ated hospitals of medical universities in Iran and
there is no concern about different communication
protocols. By full implementation of this proposal,
each healthcare provider would have on-demand
access to patient studies upon authentication with-
out further need to store departmental silos of data.
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Abstract

Background:Blood cell identification and counting
are very important in the diagnosis and treatment
of diseases. Of the blood cells, the identification of
white blood cells (WBC) and their changes is of par-
ticular importance due to their role in the immune
system. Manual cell counting is time-consuming
and dependent on expert experience. Also, the ac-
curacy of blood cell counting can be influenced
by human limitations such as fatigue and mental
problems. Automatic systems can be a convenient
and cost-effective choice for routine clinical services
and can be used for fast and accurate blood disease
diagnosis. In the automated systems, blood samples
are analyzed using microscopic images of stained
blood cells. There are various studies on automatic
blood cell segmentation based on blood smear im-
ages [1-4]. Also, some studies have focused on WBC
image classification [5-6].

Objectives: In this paper, the main objective is to pro-
vide the implementation of a deep learning-based
automatic system to identify five main groups of
WBCs in human peripheral blood smear, including
Eosinophils, Basophils, Monocytes, Lymphocytes,
and Neutrophils.

Method: The block diagram of the proposed meth-

od is shown in Figure 1. As can be seen, the proposed
method consisted of three pre-processing, seg-
mentation, and deep learning-based classification
stages. In the pre-processing stage, color normaliza-
tion was used to normalize the color appearance
variability. The color appearance can significantly
vary between different labs due to differences in
slide digitization conditions and staining proto-
cols. Automatic image analysis methods can be sig-
nificantly affected by different smear color appear-
ances. In the color normalization stage, images to
be examined were normalized to match the color
appearance of a target image with standard cali-
brated staining. The second task was the removal
stage of the background and segmentation of the
desired region of WBCs. In this stage, by subtracting
the B color channel of RGB blood smear image from
G color channel and then by using morphological
erosion and morphological reconstruction, the
WBC probability map was obtained. The value of the
WBC probability map showed that the pixels how
likely were related to WBCs. In WBC probability map
image, the pixels belonging to the WBCs had larger
values than the pixels of non-WBCs. Finally, WBCs
were segmented by applying optimal Otsu’s thresh-
olding [7] on the probability map image. Detected
WBCs were cropped from entire image by consid-
ering a patch with size 131 x 131 around all detected
cells. The patches for segmented WBCs were then
passed through a convolutional neural network
(CNN) called CellDiff-Net, which returned the class
of WBCs. The structure of the CNN architecture is
shown in Figure 2.
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Figure 1. The proposed WBC detection and classification system
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Figure 2. CellDiff-Net: convolutional neural network for WBC differential
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Results: Our blood smear image database used totrain by experts at Avicenna Infertility Clinic (ACECR), Teh-
the proposed method was composed of 216 images  ran,Iran. Stepwise processing of a sample blood smear
with size 1536 x 2048. They were collected and labeled ~ image for WBC segmentation is shown in Figure 3.

Figure 3. Results of the proposed WBC detection and classification system for a sample image: a, sample image; b, B color subtracting
from G color; c, WBC probability map by morphological reconstruction; d, segmented WBCs; e, WBC patches

By the approach shown in Figure 3, all WBC patches  smear samples. Then, 100 images were captured from
were extracted from training images. Image augmen-  each blood sample and all images were analyzed by
tation (flips, rotations, and shears) was used to in-  the proposed method. Visualizing feature space in
crease the size of the training set and balance out the  convolution layers for a test WBC image pass through
classes. We tested our model for a test set of 10 blood  learned CellDiff-Net is shown in Figure 4.
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Figure 4. CellDiff-Net: convolutional neural network for WBC differential
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To evaluate cell differential counts, the performance
of the proposed method was compared with the
results of manual counting and Sysmex kx-21 ana-

lyzer. Figure 5 compares three automated, Sysmex,
and manual differential cell count results for a test
sample.
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Figure 5. Cell differential comparison obtained by the proposed, Sysmex, and manual methods

For objective evaluation of the proposed system,
three criteria of sensitivity, specificity, and accuracy
were used. The manually labeled WBCs were con-
sidered as ground-truth. The ground truth for all
the images was determined by an expert and used
to validate the proposed method. Table 1 shows the
performance of the automated proposed WBC de-
tection and classification method.

Table 1. Performance of the proposed method

Sensitivity Specificity Accuracy

0.972 0.985 0.982

Conclusion: In this paper, a novel automated system
was proposed for WBC detection and classification
in blood smear images. The experimental results
proved the performance of the proposed system in
WBC detection and classification.
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