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a  b  s  t  r  a  c  t

Quantification  of tumor  cells  is crucial  for  early  detection  and  monitoring  the  progress  of cancer.  Several
methods  have  been  developed  for detecting  tumor  cells.  However,  automated  quantification  of  cells  in  the
presence  of  immunomagnetic  beads  has  not  been  studied.  In this  study,  we  developed  computer  vision
based  algorithms  to quantify  the  leukemia  cells  captured  and  separated  by  micron  size  immunomagnetic
beads.  Color,  size  based object  identification  and  machine  learning  based  methods  were  implemented
to  quantify  targets  in the images  recorded  by a bright  field  microscope.  Images  acquired  by  a  40× or  a
eywords:
eukemia cells
mage-processing
right-field optical microscopy
achine learning

mmunomagnetic beads

20×  objective  were analyzed,  the  immunomagnetic  beads  were  detected  with  an  error  rate  of  0.0171
and  0.0384  respectively.  Our  results  reveal  that the  proposed  method  attains  91.6%  precision  for  the
40×  objective  and  79.7%  for  the  20×  objective.  This  algorithm  has  the  potential  to  be  the  signal  readout
mechanism  of a  biochip  for cell  detection.

©  2019  Elsevier  Ltd. All  rights  reserved.

upport vector machines

. Introduction

Cancer is the second leading cause of death in the United States
nd expected to surpass heart diseases in the next five years [1].
arly detection of tumor cells and quantifying the tumor cells
uring the therapy are crucial for a successful treatment. There
re different treatments for cancer patients such as surgery, drug
herapy (chemotherapy), transplantation, radiation treatment and
mmunotherapy. Among these methods chemotherapy is a widely
sed first line treatment for leukemia but its results differ from
atient to patient [2]. Some of the treated patients with chemother-
py achieve remission whereas the cancer cells of some patients are
esistant to treatment. The resistant cancer cells (blast cells) can
ause relapses and repeat the cancer known as minimal residual
isease (MRD) [3]. Mainly two approaches; immunological assays
nd polymerase chain reaction (PCR)-based molecular assays have
een developed for the detection and characterization of circulating

umor cells, disseminated tumor cells [4], and MRD  [3].

As an alternative to bench top instruments, novel microfluidics
nd lab-on-a-chip systems have been demonstrated to capture,

∗ Corresponding author at: BioMINDS (Bio Micro/Nano Devices and Sensors) Lab,
lectrical and Electronics Engineering Department, Abdullah Gül University, Kayseri,
8080, Turkey.

E-mail address: kutay.icoz@agu.edu.tr (K. Icoz).

ttps://doi.org/10.1016/j.bspc.2019.01.002
746-8094/© 2019 Elsevier Ltd. All rights reserved.
isolate and count the tumor cells. Tumor cell size-based, micro-
fabricated uniform single layer [5] and multi-layer micro-filters [6],
antibody coated micro-posts in a microfluidic channel [7], immuno-
magnetic bead-based isolation and magnetic fixation in a chip [8]
are among the promising methods. In order to characterize and
enumerate tumor cells, optical microscope, phase contrast, and
immunofluorescence images have been used to analyze samples in
lab-on-a-chip devices [6–8]. Incorporating immunomagnetic beads
have prominent features that make them favorable for lab-on-a-
chip systems: 1) immunomagnetic beads are coated with receptors
to capture the target molecules and 2) external magnetic fields
can be applied to move and immobilize immunomagnetic beads.
As demonstrated in [8], magnetic beads conjugated with vari-
ous antibodies (anti-EpCAM, anti-EGFR and anti-CEA) to capture
breast cancer cells (MCF-7), non-small cell lung cancer (NSCLC)
cells and pancreatic cancer (PANC) cells respectively from blood
samples. The loaded and unloaded immunomagnetic beads were
flowed through a size-based micro-filter to clear out the unloaded
immunomagnetic beads. The loaded immunomagnetic beads were
captured on the chip surface by applying an external magnetic field.
Then, cells on the chip surface were quantified using the fluorescent
images, which requires staining steps and a bench top fluorescent

microscope. A mobile readout method was  used for CD+ lympho-
cytes. The captured cells by immunomagnetic beads were tagged
with anti-CD3 antibody, which was  conjugated with horseradish

https://doi.org/10.1016/j.bspc.2019.01.002
http://www.sciencedirect.com/science/journal/17468094
http://www.elsevier.com/locate/bspc
http://crossmark.crossref.org/dialog/?doi=10.1016/j.bspc.2019.01.002&domain=pdf
mailto:kutay.icoz@agu.edu.tr
https://doi.org/10.1016/j.bspc.2019.01.002
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eroxidase (HPS). The color change was detected using a mobile
hone [9].

Fluorescent or HPS labels require using secondary antibodies,
hich increases the complexity of the process and the cost. Alter-
ative to optical approaches, magnetic readout methods for the
iosensors that incorporate immunomagnetic beads have been
emonstrated such as magnetoresistive [10,11] and magnetic reso-
ance [12]. Even though these systems can be miniaturized they can
nly provide cell number data but not shape, size and morphology
easurements that image based systems can provide.
Recent autonomous image analysis methods on digital pathol-

gy and microscopy images for cell detection and segmentation
ere extensively reviewed in [13]. Bright-field microscopy is the

asiest and the lowest cost method compared to fluorescence
14], phase contrast and electron microscopy. Automated image-
rocessing methods based on thresholding [15] and segmentation
16] algorithms were developed to classify white blood cells and
o identify leukocytes. However, all of these methods start with
he images of stained cells, because the cell’s optical proper-
ies make it difficult to detect cells in bright-field images [17].
mmunomagnetically selected carcinoma cells were stained and
n automated digital microscopy system including an image pro-
essing system collected the images and detected the cells [18].
here are open access software tools ImageJ [19] and CellProfiler
20] to analyze bright field images and measure several cell fea-
ures. Also, machine learning-based methods have been developed
o automatically detect cells from bright-field images [21–23]?. In
21] a high-throughput processing including background correc-
ion, identification and object splitting techniques were performed
n images that have illumination variations. A support vector
achine (SVM) with a training algorithm was formulated to detect

nstained living and none-living cells in bright field images [23].
n [22] both adherent and suspension cell lines in bright field

icroscope images were detected using scale-invariant feature
ransform (SIFT), random forests and hierarchical clustering.

Even analyzing bright-field microscope images to count cells
as been demonstrated, to our best knowledge the enumeration of

mmunomagnetic beads and leukemia cells have not been reported.
In this manuscript we introduce an automated quantifica-

ion method to quantify immunomagnetic beads and suspended
eukemia cells in the images acquired from a bright-field micro-
cope using 20× and 40× objectives. The immunomagnetic beads
re conjugated with anti-human CD19 antibodies that specifically
ind to the B-type leukemia cells.

We have utilized image processing and computer vision algo-
ithms benefiting from color, size and distinct pattern features of

mmunomagnetic beads and cells to detect and quantify cells.

Our ultimate goal is to develop a microfluidic platform (MRD
iochip) for monitoring MRD. In such a platform immunomagnetic
eads will be used to capture and separate target cells and image

ig. 1. Typical optical micrographs of cells and beads recorded using A) 40× objective B
rrow  indicates the cell fragments, green arrow indicates single cell with attached immu
g and Control 49 (2019) 473–482

processing algorithms together with machine learning methods
will form the signal readout mechanism. This work investigates
the signal readout mechanism of the MRD  biochip which is under
development.

2. Materials and methods

2.1. Immunomagnetic capture of B lymphoblast cells

Immunomagnetic beads of 4.5 �m in diameter coupled with
monoclonal anti- CD19-human antibody purchased from Thermo-
Fisher (Waltham, MA), B lymphoblast cells CCRF-SB purchased from
ATCC (Rockville, MD), cell counting was  performed using Muse Cell
Analyzer (Millipore, Billerica, MA)  and manually using a Neubauer
Chamber (Sigma-Aldrich, St. Louis, MO). The B lymphoblast cell cul-
ture was grown in a flask and kept in the incubator in a constant
temperature of 37 ◦C with 5% constant CO2 flow. The procedure
suggested by Thermo-Fisher was  followed to bind immunomag-
netic beads to the cells. The unbound cells washed out using a
magnetic separator. The solution containing captured cells and
unbound immunomagnetic particles placed on a microscope slide
using a pipette.

2.2. Image acquisition and processing

Image acquisition was  performed using an optical microscopy
system including DS-Ri1 model CCD color camera (Nikon Instru-
ments, Melville, NY). The nominal image size was  3116 × 4076
pixels for images acquired by 20×,  and 1920 × 2560 pixels for
images acquired by 40× objectives (Supplementary table 1).

Detection and counting algorithms were developed using Mat-
lab (R2016a, The MathWorks, Inc. Natick, MA).

3. Detection of immunomagnetic beads and cells and
counting process

In order to detect cells in the microscopic images, computer
vision algorithms are employed and automated cell detection and
quantification methods for 20× and 40× images are proposed.

The images contain immunomagnetic beads and cells in vari-
ous shapes and sizes (Fig. 1). Cells in the images might appear as
either isolated single cell, covered by beads or smaller fragments.
When a cell or cell fragment is not bound by any beads, its boundary
and characteristic inner texture can be observed. However, when
it is partially covered by one or more beads the bound beads might

obstruct some part of the cell boundary. Another case is full cover-
age of cells by beads. In this case, a cluster of beads appears in the
image. Hence, cell-counting process includes all these three cases
(Fig. 1).

) 20× objective. Scale bar indicates 20 �m. Blue arrow indicates single beads, pink
nomagnetic beads, red arrow indicates fully covered cells with beads as cluster.
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ig. 2. (A) Flow diagram of cell and bead detection and counting steps for the ima
mage,  (D) RGB thresholded cell image, (E) YUV image after morphological operatio

Immunomagnetic beads appear as unbound single beads, as
lusters around one cell or bind to cell fragments. As seen in Sup-
lementary table 1, the 40× objective has higher pixel resolution
ielded in sharper and clearer images. Therefore, analysis on images
cquired by 40× objectives resulted in higher accuracy with less
ffort compared to analysis on images acquired by 20× objectives.

This study proposes methods for processing images acquired
y both objectives. Even though 40× objective has advantages, the
eld of view of 40× objective is 0.069 mm2, thus it is slower to
nalyze a target area compared to 20× objective which has a field
f view of 0.278 mm2. Using real-time image-processing as a signal
eadout method for a biochip requires scanning a sensor surface in
n admissible time. For these reasons this study focuses more on
he images acquired by 20× which is time efficient but challenging.

The immunomagnetic bead size variation was  neglected since
he previous coefficient variation measurements reported a coef-
cient of variation of 0.024 for the beads produced by the same
anufacturer [24]. The uniformity of the immunomagnetic bead

ize is an advantage for the detection of immunomagnetic beads
rom the images. Images acquired by 20× objectives may  not be
lear, the images may  have distortions, the edges of the images
ight be out of focus and the light intensity may  not be uniform on

he image. Thus machine-learning methods were incorporated to
olor-based methods to identify cells, immunomagnetic beads and
lusters of beads.

.1. Detection of immunomagnetic beads and cells in images
cquired by 40× objective
.1.1. Counting cells in the images acquired by 40× objective
The main steps of the image-processing algorithm for the images

cquired by the 40×objective are depicted in Fig. 2. The same fig-
re also shows the impact of color space conversion from RGB to
corded using 40× objective, (B) original RGB cell image, (C) YUV thresholded cell

YUV, and thresholding on these color spaces for a sub-image that
contains only one cell.

The images are acquired in raw RGB color space with
0.23 �m/pixel resolution. Since cells are more clearly visible in YUV
color space as shown in Fig. 2, RGB images were converted to YUV
color space.

Each image can be considered as three separate layers:

I = Ibg + Ic + Id (1)

where Ibg, Ic and Id represent background, cells and immuno-
magnetic beads respectively. Cells have a distinct U dominant
color, corresponding to more blue color component. To distinguish
cells using color feature, a three-channel multilevel thresholding
is applied. The binary image of cells layer, Bc, is first estimated
by applying a multilevel global threshold (same threshold for all
images) as:

Bc =
{

1 if IY (x, y) ∈ TY and IU (x, y) ∈ TU and IV (x, y) ∈ TV

0 if otherwise

}
(2)

where TY , TU, TV are color threshold ranges for Y, U and V chan-
nels, IY , IU, IV are Y, U, V channels of the image. This thresholding
operation can detect most of the cell fragments but also because the
fringing effect around the beads also falls into this color-range. For-
tunately, beads are disparately in circular form and have an almost
uniform size. In order to eliminate the beads from the cell layer,
the beads are found by searching circular objects in an empirically
determined size and diameter. Circular objects are detected using
Hough transform [25]. After detecting the circular objects, Bd, these
objects are removed from the estimated cell layer, Bc , following a
dilation and a hole filling operation. This way, the adverse fringing

effects of the beads are eliminated in new cell layer estimation B̂c

as in

B̂c = Bc − (Bd ⊕ s) (3)
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Fig. 3. The flow diagram of the bead detection using Y channe

here Bd is the binary image showing beads, ⊕ is dilation operation
nd s is a disc shaped structuring element (SE).

The objects smaller than 1200 pixels are removed. Later closing
peration is implemented by using disk shaped SE with radius 20
ixels to combine pixels that are close to each other. After these
orphological operations, the objects, which represent the cells

re counted.
Since the global threshold was determined as a result of an

ptimization process and then morphological operations were
mplemented on the images, this process provided consistent
esults.

.1.2. Counting cells in the images acquired by 40× objective
The previous approach (using Hough transform to find circu-

ar objects) could find isolated beads. However, bead clusters and
verlapping beads still could evade from this method. When several
eads overlap, complete circular forms of the beads are hindered
Fig. 3). Therefore, the counting is performed by finding the pro-
ortion of pixel area of whole beads to that of a single one.

First, bead clusters are segmented using a thresholding on Y
hannel. This step does not require any fine tuning because those
reas are noticeably darker than the background and the cells. In
rder to count the number of beads in a cluster, average pixel area
f a single bead is determined by finding the median size of all
onnected components. Pixel areas of clusters are divided by the
verage pixel area of one single bead.

.2. Detection of immunomagnetic beads and cells in images
cquired by 20× objective

For the quantification of the immunomagnetic beads in the
mages acquired by 20× objective, the same method developed for
0× objective (Fig. 3) is used. However, cells are not clearly visible

n 20× images compared to 40× images. Therefore, further image
nalysis is performed as follows.

Cells might appear as isolated single cells or fully covered cells.
vidently, detection of clearly visible isolated cells requires a differ-
nt approach than detection of cells that are fully covered by beads.
he reason to that is, when a cell is fully obstructed by beads, its
exture, color or edges cannot be used in a detection algorithm.
herefore, the proposed algorithm has two main branches: detec-
ion of isolated cells, detection of fully obstructed cells. The flow
hart of the algorithm is demonstrated in Fig. 4.

Before presenting the proposed algorithm, it should be noted
hat in addition to aforementioned difficulties of cell detection in
he presence of immunomagnetic beads, 20× images pose further

hallenges. When the zoom factor halved, sensor noise, lens distor-
ions, non-uniform illumination, softer edges and sensor resolution
rastically affect the cell detection performance. Unlike in 40×

mages, using only color and size-based methods do not produce
V color space from the images acquired by the 40× objective.

desirable results in 20× images. Therefore, these images required
further analysis.

The first branch of the method aims to segment the isolated
cells. It is utilizing machine learning tools and has three stages:
preprocessing, feature extraction and learning model construction.
In the preprocessing stage, the images are divided into 12 × 12 pixel
non-overlapping sub-images. In the experiments, eight 20× full
sized images yielded 707,200 sub-images in total. The following
feature extraction and machine learning stages are carried out on
the sub-images (Supplementary information).

The following 273 features are extracted from each RGB  sub-
image:

Gray Level Cooccurrence Matrix based (GLCM, 264 features)
[26],

Mean, variance and skewness (9 features).
In addition, after converting the RGB sub-image to gray-scale,

the following 140 features are extracted:
Histogram of Oriented Gradient (HOG, 81 features) [27,28],
Local Binary Pattern (LBP, 59 features) [29],
In the learning model construction stage, SVM is employed for

two-class classification. It was shown that SVM based techniques
have improved performance to distinguish unstained viable and
not-viable cells [23]. For training and tests the ground truth dataset
is constructed by an expert by classifying the sub-images as posi-
tive (cell) or negative (non-cell). The ground truth dataset is used
in learning process and measuring the effectiveness of the algo-
rithm. Overwhelming majority of the sub-images are negative. This
unbalanced dataset leads poor learning performance. Therefore,
the dataset is rebalanced before the training by down-sampling
the negative set [30]. In order to be sure that the model does
not learn photo-specific features, leave-one-image-out approach
is used. That is, all sub-images of the current test image are left out
from training for the test phase. The system is trained by NI − 1
images and tested on sub-images of a single test image, where
NI is the number of images in the set. In the next round, another
test image is picked. This model creation and test operations are
performed for NI times, i.e., repeated for each test image. In total,
more than 100,000 sub-images are classified by the system. Perfor-
mance of the system is measured by average output of all rounds. In
each round, optimum values of SVM parameters (Supplementary
information) C and � are found by grid search [23]. Radial basis is
selected as the kernel function.

In the second branch of the method, bead clusters are detected.
Even though the cells are not visible, clusters can be detected using
color-based variations and morphological operations.

First, broken connections of the bead clusters are fixed by a mor-
phological closing operation with a 10 pixel sized disc SE. The bead

clusters are usually larger than 400 pixels. Therefore, blobs smaller
than 400 pixels are removed and bead cluster detection part is
completed.
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Fig. 4. Flow diagram of cell detection and counti

After completing the two branches shown in Fig. 4, bead clusters
nd nearby cells are merged because usually partially covered cells
rotrude below the bead clusters. In order to merge them, first, a
aussian softening filter with � = 20. Then, following a binarization
f the image, a morphological closing operation with disc SE = 20
s performed. The algorithm is completed by counting the resulted
bjects. This gives the number of cells in the image.

. Results

The images are recorded at different times by different users,
hus illumination light variations and focusing problems at the
mage edges are observed when 20× objective is used. In one image
et, sixteen images are acquired by 40× objective and in the other
mage set 9 images are acquired by 20× objective. For each image

et, the number of immunomagnetic beads and cells are counted by
he proposed algorithm and compared with the manual counting
f an expert. In the following subsections results of the algorithms
xplained previously are reported for immunomagnetic bead and
ps for the images recorded using 20× objective.

cell quantification. Fully covered, isolated and partially covered cell
detection results and the combination of those three approaches to
obtain an overall quantification for the cells are explained.

4.1. Bead quantification

The error rate, E, for bead quantification algorithms is defined
as

E =
∣∣∣∣ Ñ − N

N

∣∣∣∣ (4)

where N is the number of beads, Ñ is the estimation of N obtained
by using the methods depicted in Fig. 3. Error rate is used as an
evaluation criteria for bead counting and results for both sets are

given in Table 1. The results show that the bead quantification error
rate is low for both image sets. That is an expected result because
beads are opaque and have a darker texture than the background
and cells. However, due to the lower resolution and stronger distor-
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Table 1
Average bead counting error rate values for images acquired by 40× and 20×
objectives.

40× Images 20× Images
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4.2.2. Isolated and partially covered cell detection in 20×
E 0.0171 0.0384

ion in 20× image set, the results obtained from that set is relatively
nferior.

Bead quantification algorithm produces satisfactory results
ven only size and color features are used. Nevertheless, quantifi-
ation algorithm of cells is more demanding than that of beads.
ell has a semi-transparent texture which makes it more elusive.
urthermore, accuracy of quantification algorithm for cells is more
ssential for the users than bead number accuracy. Those require-
ents and challenges make quantification process lengthier.

.2. Cell quantification

For evaluating the performances of the algorithms, True Pos-
tive (TP), False Positive (FP), and False Negative (FN) values are
etermined and precision, recall, specificity, F-measure [31], false
egative rate [15] and detection error [17] were calculated (Sup-
lementary information).

Typical images acquired by 40× objective Fig. 5 (top-row) and
he detected cells are labeled with green star shaped markers by
he algorithm in the Fig. 5 (bottom row). The detection of cells
nd immunomagnetic beads in the images acquired by 40× objec-
ive was relatively easy in terms of number of steps carried out by
he algorithm and more accurate results obtained compared to the
esults for the images acquired by the 20× objective.

To visually investigate the performance of the algorithm for cell
etection, we compared the images resulted in the lowest preci-
ion (image 9) and the highest precision (image 7). The images
ith highest precision are clear, uniform and the light variations

re minimum (Fig. 6, right column).
However the image with the lowest precision has blurry edges

Fig. 6, left column) causing false positives and thus decreasing
he precision. In order to show the image quality on the precision,
he blurry edges of the lowest precision image was  cropped and
recision was calculated again (Fig. 7).

By removing the blurry edges precision was increased from
.54 to 0.85 and detection error was improved from 0.34 to 0.23

Table 2).

Cropping and leaving the problematic region of the image out
ignificantly increases the detection performance but for the prac-

Fig. 5. Original images (top row) and green detection mar
g and Control 49 (2019) 473–482

tical reasons, the proposed algorithm analyses whole image and
leverages image processing tools to mitigate the problem.

Cells may  appear in various forms. We  categorized cell appear-
ances into three forms: isolated, partially or fully covered by
immunomagnetic beads because each appearance has an unlike
and distinct texture in term of image processing. Each category,
hence, is analyzed separately. Those separate analyze results are
later combined to obtain total number of cells. In the following
sections, the results obtained for each category is given for 20×
images.

4.2.1. Fully covered cell detection in 20× objectives
One common form of a cell is to appear as cluster of beads. When

many immunomagnetic beads are bond to a single cell, the cell
looks fully covered by them. Actual texture of the cell is usually
concealed but bead clusters are indicators of obscured cells. There-
fore, numbers of bead clusters are counted as cells. Nevertheless,
bead and bead cluster detection methods proposed have distinct
purposes and the terms bead and bead cluster should not be con-
fused. This section demonstrates the test results for fully covered
cell (bead cluster) detection algorithm presented in Fig. 4.

The results of the bead cluster detection algorithm are presented
for each image in Supplementary table 3. For the images acquired
by 20× an average of 45.7 out of average 58.3 bead clusters were
correctly and 12.5 were incorrectly detected from the whole data
set. As it is shown in the table, the average precision and F-measure
are higher than 80% while recall measure is higher than 94%. Higher
recall indicates that most of the bead clusters are identified cor-
rectly and there are low numbers of missed detections. However,
the precision which is 14% lower than recall indicates that some
objects in the image (mostly the ones in the out of focus region) are
wrongly identified as bead cluster. For instance, for image 3 which
has blurry and out of focus corners, false positive measure is 24
where true positive measure is 55. Unlike image 3, image 4 has a
clearer and in focus corners. As a result, the algorithm has 32 true
and 2 false positives for cluster detection.

Another challenge for this part is to decide on bead cluster size
of how many beads indicate an underlying cell. In this experiment,
a minimum bead cluster size is incorporated into the method based
on an expert’s view.
objectives
Isolated or partially covered cells have visible cell texture. There-

fore, as described in the Methods section (Fig. 4 SVM branch),

ks for each cell (bottom row) for the 40× objective.
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Fig. 6. Comparison of high precision and low precision images. Blue circle indicates the blurry part of the image (top left) and resulted false positives (bottom left).

Fig. 7. The impact of image quality on the performance of the image processing algorithm. Original image (image 9) (left), cropped image without blurry part (right).

Table 2
The impact of cropping out the blurry region of the image on the performance of the algorithm.

Precision Recall Specificity False Negative Rate F-Measure Detection Error
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Original Image 0.54 0.76 0.99
Excluding the Blurry region 0.85 0.68 0.99

eatures are extracted from the cell images and trained by SVM
o recognize those textures.

However, in order to also test other alternative machine learn-
ng methods to SVM, neural networks and random forest are used
nd compared in Weka data mining software [32,33]. Each image
as divided into approximately 88,000 overlapping sub-images

f size 12 × 12 pixels and 413 features described in methods sec-
ion for each sub-image were extracted. A balanced test data was
onstructed by under sampling the negative set, that is, combin-
ng equal number of sub-image features from cell and not cell

lasses. For each image a test data was generated and tested in

eka. In order to generate a reliable test results, leave-one (image)-
ut approach was implemented [34]. Sub-images of one test image
0.23 0.63 0.34
0.32 0.75 0.23

completely left out from the training. In each train-test cycles, the
next image is chosen as the test image so that at the end, all images
are used in the test. The results of those test-train cycles are aver-
aged to indicate the overall performance of the algorithm. SVM,
Random Forest (RF) and Neural Networks (NN) were compared
in Weka software by using the train and test data. The results of
machine learning methods for each image are presented in Sup-
plementary table 4.

Supplementary table 5 summarizes the overall performance
of different machine learning algorithms. Random forest has

the highest accuracy of 87.4% where Neural Network has the
lowest, which is 76.6%. However, it should be noted that
the Neural Network settings used for this experiment can be
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Table 3
Average Cell Detection Performance of the Algorithms.

40× Images 20× Images

Precision 0.916 0.797
Recall 0.815 0.883
Specificity 0.99 0.99
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False Negative Rate 0.184 0.116
F-Measure 0.861 0.833
Detection Error 0.134 0.159

ltered to achieve higher accuracies. In this experiment, a Neu-
al Network with 413 input nodes, 208 hidden neurons and 1
idden layer are used. The data is normalized before the train-

ng.

.2.3. Quantification of all cell forms in 20× objectives
As mentioned earlier, cells might appear in three forms: isolated,

artially or fully covered by immunomagnetic beads. In the previ-
us sections, automated recognition of each form is investigated
eparately. In this section, those three approaches are combined to
ive an overall quantification for the cells weather or not covered by
mmunomagnetic beads. The performance of the algorithm (Fig. 4,
ell counting step) for each image is given in Supplementary tables

 and 7.
The Supplementary table 7 has three columns, namely Correctly

arked, Multiple Marked and Missed Detection, for each cell form.
hen finding the location of a cell, algorithm can point different

ositions in a cell. Each location is considered as correct as long as
t belongs to a cell. However, when counting the cells, those correct
ocations are considered as mistake since identification of the same
ell for multiple times is an error. The column “Multiple Marked”
hows how many times a cell is falsely detected more than once.

The Supplementary table 7 shows that cells in the majority of
he images are correctly counted with less missed detection and

ultiple detection errors.

.2.4. Average cell detection performance of the algorithms for
0× and 20×  objectives

In the previous sections, 40× and 20× magnification images are
nalyzed individually. In Table 3, results for both types of images
re summarized. The table shows that detection performances in
0× magnification images are higher than lower resolution coun-
erpart. However, F-Measure, recall and precision values show that
he algorithm’s performance in 20× images are also satisfactory.

. Discussion

Cells can be imaged by bright-field, phase contrast, fluores-
ence or electron microscopy and the images can be processed to
etect and quantify cells or to investigate the sub cellular struc-
ures [13]. Electron microscopy offer high resolution images for
nvestigating cell structures [35] and also preferred for verification
36]. Fluorescent microscopy requires labeling cells or cell nuclei
ith markers and automated cell counting algorithms have been
eveloped [37,38]. Bright-field microscopy is the easiest and the

owest cost method compared to fluorescence, phase contrast and
lectron microscopy because it does not require expensive label-
ng agents and optics. In the bright-field images cells are almost
ransparent and the optical properties of cells induce challenges
n detection. To visualize and differentiate cells from other types,
ells are stained with dyes [39]. In [18] it was reported that cytok-
ratin positive cells, associated with breast cancer, separated from

lood with immunomagnetic beads and immunocytochemically
tained for cell detection. In this manuscript we reported cell detec-
ion without any staining procedure. In our method, by detecting
mmunomagnetic beads from the images, immunomagnetic beads
g and Control 49 (2019) 473–482

served for two purposes inherent cell separation feature and being
visual markers for cell detection.

As presented in Table 2, image quality (blurry edges/uneven
illumination) has impact on the performance of the detection algo-
rithm. This impact also reported in [21] for bright field images
where uneven illuminations corrected using machine learning
based approach yielding 82% accuracy in cell detection which is
comparable to the results of machine learning methods to detect
cells presented in this study (Table 3). In the literature there are
studies stating 95% accuracy [40] and 93.4% accuracy [41], 96%
precision [42] for detecting cells from microscope images, how-
ever these cells are stained with violet color which makes the cells
distinctive. In [43], the average accuracy of SVM method for fluo-
rescently labeled cells was  reported as 90%, whereas our method
resulted in 86.32% including the blurry images (Supplementary
table 7).

In [21] both adherent and suspended cells in bright field
microscope images were detected using scale-invariant feature
transform (SIFT), random forests and hierarchical clustering. 5
images of the cells in suspension were analyzed and a precision
of 0.89 for connected component based method and a precision
of 0.93 for SIFT based method were reported. In our study B lym-
phoblast cells are in suspension and for cell detection the average
precision for 9 images is 0.797 (20× objective). The images in this
study includes not only cells as analyzed in [22] and [23] but also
immunomagnetic beads and clusters of immunomagnetic beads
which introduces non-uniformities and creates more challenges.
We implemented image processing algorithms to solve three prob-
lems: bead detection, cluster detection and cell detection without
any staining procedure, then combined the results to quantify cells.

As a finding of this manuscript, the quality of images acquired
by a 20× objective has significant impact on the performance of the
detection algorithm and we plan to maximize the quality of images
by standardizing the imaging process for the MRD  Biochip such as
adding automated illumination and focusing adjustments.

Our image size is 12 Mega pixel and this image size is higher than
the previous studies (1M pixel for [22], 2M pixel for [17]. Higher
image size introduces unbalanced data to image processing algo-
rithm since illumination variations are high at the corners. A further
analysis on reducing the image size and running the algorithms may
clarify this issue.

In order to increase the performance of the method presented in
this study, images can be preprocessed to alleviate the illumination
changes by using a top-hat transformation before segmentation
[44]. To reduce the noise, an adaptive local noise reduction filter
[45] can be used at the expense of losing some subtle texture of cells.
This requires a priory knowledge of noise model at the background.
This model can be estimated using histograms of cropped back-
ground regions. In feature extraction part, even it is substantially
large, feature set can be expanded adding various other features.
Feature set size can also be reduced by selecting the most important
features or using a dimension reduction approach such as princi-
pal component analysis (PCA). Application of PCA on the images
of stained cells to investigate the cell phenotype is reported in
[46]. In literature it was  reported that future reduction in some
cases increase accuracy [47–49] or do not change the accuracy but
improve processing cost or data storage [50]. We  are planning to
test feature reduction to test if there is an improvement in the
accuracy or processing cost.

Moreover, comparison of machine learning algorithms showed
that significant improvements of the accuracy can be attained by
picking the right machine learning algorithm. There is a plethora

machine learning algorithms each of which has its own parame-
ter sets and settings. For instance, neural networks setting in the
experiment was a standard three layer with one hidden layer. Num-
ber of layers as well as that of nodes can be increased or different
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onlinear activation functions can be employed. However, each
pproach requires time consuming rigorous examination. At this
oint of accuracy levels, authors find it useful to circulate the cur-
ent findings and to leave the approaches mentioned above for a
urther study.

. Conclusion

The proposed algorithm is planned to be used to quantify cells
n a biochip. The biochip incorporates immunomagnetic beads for
eparation of the target B lymphoblast cells. In this study our
ain goal is to quantify cells and immunomagnetic beads from the

mages acquired by 40× or 20× objectives. Without cell staining,
olor-based methods provided over 90% precision for the images
cquired by 40× objective. Only color-based methods were not
ufficient to detect cells in the images acquired by 20× objective
o SVM incorporated with color-based methods to detect cells and
lustered or single immunomagnetic beads. The developed meth-
ds were tested by measures images precision, recall, specificity,
alse negative rate, f-measure and detection error rate. The results
howed that the image quality has great impact on the performance
f the algorithm. The blurry images increase the false positives thus
ecrease the precision. The highest precision is 094 for the clear

mage shows the potential of the developed algorithm.
We previously introduced ultra-low cost mobile cell phone

icroscopy to quantify immunomagnetic bead amounts on
icrocontact printed lines [51] without using any secondary

abels. It is possible to combine machine-learning based image
rocessing algorithms with cell phone microscopy to analyze

mmunomagnetic-captured cells in biochips for portable on site
nalyses, which is our next goal.
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ouncil of Turkey (TÜBİTAK) (Project No: 115E020) for financial
upport.

ppendix A. Supplementary data

Supplementary material related to this article can be found, in
he online version, at doi:https://doi.org/10.1016/j.bspc.2019.01.
02.

eferences

[1] R. Siegel, K. Miller, A. Jemal, Cancer statistics, 2015, CA Cancer J. Clin. 65
(2015) 29, http://dx.doi.org/10.3322/caac.21254.

[2] C.E. DeSantis, C.C. Lin, A.B. Mariotto, R.L. Siegel, K.D. Stein, J.L. Kramer, R. Alteri,
A.S. Robbins, A. Jemal, Cancer treatment and survivorship statistics, 2014, CA
Cancer J. Clin. 64 (2014) 252–271, http://dx.doi.org/10.3322/caac.21235.

[3]  M.  Hauwel, T. Matthes, Minimal residual disease monitoring: the new
standard for treatment evaluation of haematological malignancies? Swiss
Med. 144 (2014), http://dx.doi.org/10.4414/smw.2014.13907.

[4] K. Pantel, R.H. Brakenhoff, B. Brandt, Detection, clinical relevance and specific
biological properties of disseminating tumour cells, Nat. Rev. Cancer 8 (2008)
329–340, http://dx.doi.org/10.1038/nrc2375.

[5]  S. Zheng, H. Lin, J.-Q. Liu, M.  Balic, R. Datar, R.J. Cote, Y.-C. Tai, Membrane
microfilter device for selective capture, electrolysis and genomic analysis of
human circulating tumor cells, J. Chromatogr. A 1162 (2007) 154–161, http://
dx.doi.org/10.1016/j.chroma.2007.05.064.

[6]  S. Zheng, H.K. Lin, B. Lu, A. Williams, R. Datar, R.J. Cote, Y.C. Tai, 3D microfilter
device for viable circulating tumor cell (CTC) enrichment from blood, Biomed.
Microdevices 13 (2011) 203–213, http://dx.doi.org/10.1007/s10544-010-
9485-3.

[7] S. Nagrath, L.V. Sequist, S. Maheswaran, D.W. Bell, D. Irimia, L. Ulkus, M.R.
Smith, E.L. Kwak, S. Digumarthy, A. Muzikansky, P. Ryan, U.J. Balis, R.G.

Tompkins, D. a Haber, M.  Toner, Isolation of rare circulating tumour cells in
cancer patients by microchip technology, Nature 450 (2007) 1235–1239,
http://dx.doi.org/10.1038/nature06385.

[8] C.-L. Chang, W.  Huang, S.I. Jalal, B.-D. Chan, A. Mahmood, S. Shahda, B.H.
O’Neil, D.E. Matei, C.A. Savran, Circulating tumor cell detection using a parallel

[

g and Control 49 (2019) 473–482 481

flow micro-aperture chip system, Lab Chip 15 (2015) 1677–1688, http://dx.
doi.org/10.1039/C5LC00100E.

[9] S. Wang, S. Tasoglu, P.Z. Chen, M.  Chen, R. Akbas, S. Wach, C.I. Ozdemir, U.A.
Gurkan, F.F. Giguel, D.R. Kuritzkes, U. Demirci, Micro-a-fluidics ELISA for rapid
CD4 cell count at the point-of-care, Sci. Rep. 4 (2014) 3796, http://dx.doi.org/
10.1038/srep03796.

10] J.C. Rife, M.M.  Miller, P.E. Sheehan, C.R. Tamanaha, M.  Tondra, L.J. Whitman,
Design and performance of GMR sensors for the detection of magnetic
microbeads in biosensors, Sens. Actuators A Phys. 107 (2003) 209–218, http://
dx.doi.org/10.1016/S0924-4247(03)00380-7.

11] D.R. Baselt, G.U. Lee, M.  Natesan, S.W. Metzger, P.E. Sheehan, R.J. Colton, A
biosensor based on magnetoresistance technology, Biosens. Bioelectron. 13
(1998) 731–739, http://dx.doi.org/10.1016/S0956-5663(98)00037-2.

12]  H. Lee, E. Sun, D. Ham, R. Weissleder, Chip-NMR biosensor for detection and
molecular analysis of cells, Nat. Med. 14 (2008) 869–874, http://dx.doi.org/10.
1038/nm.1711.

13] F. Xing, L. Yang, Robust nucleus/cell detection and segmentation in digital
pathology and microscopy images: a comprehensive review, IEEE Rev.
Biomed. Eng. 9 (2016) 234–263, http://dx.doi.org/10.1109/RBME.2016.
2515127.
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