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A B S T R A C T   

Microfluidic platforms offer prominent advantages for the early detection of cancer and monitoring the patient 
response to therapy. Numerous microfluidic platforms have been developed for capturing and quantifying the 
tumor cells integrating several readout methods. Earlier, we have developed a microfluidic platform (MRD 
Biochip) to capture and quantify leukemia cells. This is the first study which employs a deep learning-based 
segmentation to the MRD Biochip images consisting of leukemic cells, immunomagnetic beads and micropads. 
Implementing deep learning algorithms has two main contributions; firstly, the quantification performance of the 
readout method is improved for the unbalanced dataset. Secondly, unlike the previous classical computer vision- 
based method, it does not require any manual tuning of the parameters which resulted in a more generalized 
model against variations of objects in the image in terms of size, color, and noise. As a result of these benefits, the 
proposed system is promising for providing real time analysis for microfluidic systems. Moreover, we compare 
different deep learning based semantic segmentation algorithms on the image dataset which are acquired from 
the real patient samples using a bright-field microscopy. Without cell staining, hyper-parameter optimized, and 
modified U-Net semantic segmentation algorithm yields 98.7% global accuracy, 86.1% mean IoU, 92.2% mean 
precision, 92.2% mean recall and 92.2% mean F-1 score measure on the patient dataset. After segmentation, 
quantification result yields 89% average precision, 97% average recall on test images. By applying the deep 
learning algorithms, we are able to improve our previous results that employed conventional computer vision 
methods.   

1. Introduction 

In leukemia treatment, there is a consensus on monitoring the pa
tients for minimal residual disease (MRD) to determine the risk of re
lapses [1,2]. To monitor the patient’s response to the treatment, the 
identification and quantification of cancer cells are required. Common 
methods for monitoring MRD are multiparameter flow cytometry 
(MFC), real-time quantitative polymerase chain reaction (RT- qPCR) 
[3], droplet digital PCR [4] and next-generation sequencing [5]. Alter
natively, microfluidic systems for MRD monitoring were also been 
recently reported in the literature [6–8]. High-throughput images were 
recorded from the microfluidic platforms by using the microscopes 
equipped with digital cameras, later the recorded images were analyzed 
by powerful processors and algorithms [9,10]. 

Previously, we developed a microfluidic system that incorporates 
micron-size immunomagnetic beads to capture and separate the target 
leukemic cells. The magnetic bead-loaded cells were introduced into a 
microfluidic platform and captured by the antibodies that were immo
bilized on the square-shaped gold micropads [7]. Our design incorpo
rated immunomagnetic beads and micropad arrays which 
functionalized with different types of antibodies, resulted in screening 
target cells for multiple antigens. Image recording and analysis were 
implemented as a readout method for the microfluidic platform [9]. An 
automated detection and quantification of not only cells but also the 
micropads and the immunomagnetic beads were needed. Our main goal 
was to implement robust computer vision approaches to detect and 
quantify the leukemia cells, the micropad arrays, and the immuno
magnetic beads with high accuracy and low error rate. We reported our 

* Corresponding author at: BioMINDS (Bio Micro/Nano Devices and Sensors) Lab, Electrical and Electronics Engineering Department, Abdullah Gül University, 
Kayseri 38080, Turkey. 

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

Contents lists available at ScienceDirect 

Biomedical Signal Processing and Control 

journal homepage: www.elsevier.com/locate/bspc 

https://doi.org/10.1016/j.bspc.2022.103783 
Received 13 December 2021; Received in revised form 18 January 2022; Accepted 27 April 2022   

mailto:kutay.icoz@agu.edu.tr
www.sciencedirect.com/science/journal/17468094
https://www.elsevier.com/locate/bspc
https://doi.org/10.1016/j.bspc.2022.103783
https://doi.org/10.1016/j.bspc.2022.103783
https://doi.org/10.1016/j.bspc.2022.103783
http://crossmark.crossref.org/dialog/?doi=10.1016/j.bspc.2022.103783&domain=pdf


Biomedical Signal Processing and Control 77 (2022) 103783

2

previous efforts for developing image processing algorithms to quantify 
cells, magnetic beads, clusters [11] and micropads from the images of 
the microfluidic system recorded using a bright-field microscope [9]. To 
reduce processing time, we developed the image processing algorithms 
based on the identification of variations in color, size and shape of the 
objects in the images [9]. However, separate algorithms to detect and 
quantify the leukemia cells, immunomagnetic beads and micropads 
having different colors, shapes, and sizes had to be developed. For 
instance, the watershed segmentation algorithm [12] was used to detect 
and quantify immunomagnetic beads but watershed did not perform 
well for the cells and clusters of immunomagnetic beads. Also, the 
optimized parameters, for instance, structuring element size and shape 
for morphological operations differed for cells, immunomagnetic beads, 
and micropads and even some parameters differed from patient-to- 
patient samples. Therefore, all objects had to be detected separately 
and the results had to be combined for a final evaluation. For some low- 
quality images such as blurry and nonuniform light-effected images, a 
preprocessing was required before implementing the developed algo
rithm. To improve the results of the previous methods and to have a 
more generalized system, we decided to apply deep learning algorithms 
to the same patient dataset. 

Deep learning techniques are widely used on biomedical images for 
classification, segmentation, and object detection. In [13], a broad 
overview of how the optimization of deep learning architectures used for 
medical image classification and segmentation was reported. In fluo
rescence images, new evaluation strategy to measure accuracy, types of 
errors and computational efficiency for nucleus segmentation using 
DeepCell and U-Net architectures were proposed [14]. 20.000 high- 
content microscopy yeast cell images were classified based on their 
yeast protein localization by using deep convolutional neural network 
(DeepLoc) [15]. In a review [16], intersection between deep learning 
and cellular image analysis were explained extensively. One of the 
important intersections was the segmentation of microscopy cell images 
[17–20]. By using a scanning electron microscope (SEM), blood cell 
images, red blood cells (RBCs), white blood cells (WBCs) and platelets 
were segmented by a novel convolutional encoder-decoder framework. 
VGG-16 was used as pixel-level feature extraction model and class-wise 
accuracy was stated as 97.45%, 93.34%, and 85.11% for RBCs, WBCs 
and platelets, respectively [21]. Another intersection was the classifi
cation of the cell images. Large number of single-cell label free bright- 
field images where each image belongs to one of the four types of the 
cell samples were classified by using convolutional neural network 
(CNN) with above 99% accuracy. Then, CNN performance was 
compared with k-nearest neighbors (kNN) and support vector machine 
(SVM) based methods [22]. In another study, the performance of 
detecting Plasmodium by different machine learning and deep learning 
techniques were proposed. CNN architecture was used for classification 
and performance of AlexNet, ResNet, VGG-16, and DenseNet architec
tures were compared on the dataset by transfer learning approaches 
[23]. U-Net architecture with a pre-trained model on single-cell was 
adapted to ImageJ image processing tool that enables non-machine- 
learning experts to analyze their own data [24]. 

In [13], it was also mentioned that deep learning applications offer 
solutions to problems such as diagnosis and monitoring the cancer. In 
microscopic images, Attention DeepLabv3 + deep learning model was 
applied to detect and segment multiple stained myeloma plasma cells in 
microscopy images [25]. For the detection of leukemia from microscopic 
images, transfer learning with AlexNet was applied. Dataset had 2820 
images of stained cells and classification accuracy was reported as 100% 
[26]. Classification of Acute Lymphoblastic Leukaemia (ALL) to B-cell 
type and T-cell type by using AlexNet and LeukNet which were pre
trained convolutional neural networks was proposed. 336 images of 
both B-cells and T-cells were obtained from publicly available image 
databank of American Society of Haematology (ASH) and classification 
accuracy was reported as 94.12% [27]. In another study, it was stated 
that label-free, bright-field, and dark-field images of single leukemic 

cells were identified by ResNet deep learning architecture with more 
than 88% accuracy [28]. 

Although there are numerous studies employing deep learning 
techniques were reported for the segmentation and the classification of 
all biological objects such as leukemia cells, nucleus, normal and 
abnormal cells, to our best knowledge, the segmentation of mixture of 
object such as patient leukemia cells, immunomagnetic beads, bead 
clusters and micropads from the images acquired using a bright-field 
microscope have not been reported. 

In this study, as a readout mechanism of the microfluidic platform, 
we propose an automated semantic segmentation algorithm for the 
bright-field microscopy images of cells, immunomagnetic beads and 
micropads. We used U-Net [29] architecture by adding batch normali
zation layer after each convolution layer and by optimizing some hyper- 
parameters of architecture. Then, we implemented DeepLabV3 [30] and 
Fully Convolutional Networks for Semantic Segmentation(FCN) [31] 
architectures to compare the results with proposed U-Net. 

The major contribution of our study is to segment leukemia cells, 
immunomagnetic beads, and micropads from bright-field microscopy 
patient images, which does not have any staining, using U-Net deep 
learning segmentation approaches with parameter optimization, solving 
unbalanced dataset problem, and adding batch normalization layer after 
each convolution layer, then to quantify cells automatically after seg
mentation. The proposed approach gives better results compared to the 
other deep learning segmentation methods. 

The paper is organized as follows: Section II is devoted to materials, 
and in section III, methods are reported. In section IV, the results are 
presented followed by the conclusion and discussion. 

2. Materials 

The details of the MRD Biochip fabrication and principle of operation 
were reported in [7], briefly photolithography, gold deposition and lift- 
off process were used to fabricate micropads on a glass substrate. Then 
the glass substrate including the matrix of pads were placed inside a 
microfluidic chamber formed by layers of glass (bottom) and polymethyl 
methacrylate (PMMA) (middle and top). PMMA layers were cut by using 
a laser cutter to and double-sided adhesive tapes sealed the layers to 
prevent from any fluid leakage. 

Monitoring a cancer patient who received treatment for possible 
relapses in the future is critical for survival. Screening the cells for one 
type of biomarker is not sufficient to detect blast cells so detection of 
multiple markers is required. Flow cytometry is conventionally used to 
detect multiple markers on the cell membrane which can indicate the 
blast cell, however trained personnel and expensive equipment are 
needed to perform analysis. We showed that the MRD Biochip is able to 
screen cells having three different markers simultaneously. Micro and 
nano size magnetic particles were conjugated with different types of 
antibodies and another type of antibody was immobilized on the 
micropads. Double immunomagnetic separation of target cells from 
patient samples were followed by capturing cells in the microfluidic 
system. The captured cells were imaged and analyzed for quantification. 

For this study, we extended the dataset introduced in [9]. Minimal 
residual disease (MRD) biochip bright-field microscopy images were 
acquired by DS-Ri 1 model CCD color camera and 20X objective (Nikon 
Instruments, Melville, NY). The size of the images were 3116 × 4076 
pixels and total number of images was ninety-one. 

Proposed deep learning algorithms were implemented on Matlab 
(R2020a, The MathWorks Inc., Natick, MA), and Python. Matlab codes 
were run on a PC with an Intel i7 − 7820HQ, 2.90 GHz CPU, and 8 GB 
RAM on it. Python codes were run on high-performance-computing 
cluster. While on Matlab only U-Net architecture was implemented 
and tested, on Python U-Net and DeepLabV3 and FCN architectures were 
implemented, and results were compared. 
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3. Methods 

3.1. Image annotation 

In a recorded image, the process of classifying each pixel to the 
particular label is known as semantic segmentation. During the semantic 
segmentation, deep learning network model is trained with train data
set, which contains images and their corresponding pixel-labeled 
ground-truth images. Therefore, ninety-one patient images were 
manually annotated using Adobe Photoshop software to get ground- 
truth images. In Fig. 1. Top row: a general view of high-resolution 
image, cropped image and cropped image annotation is given for bet
ter visualization. In the images, there are 5 different object classes to 
segment. These object classes are 1) cells, 2) immunomagnetic beads, 3) 
micropads, 4) background, and 5) bead clusters that refer to a cell that 
was fully covered by immunomagnetic beads. When the cluster occurs, 
cells are covered with many beads and become invisible, but we must 
identify those cells too. That’s why, we defined a new class as cluster in 
the images. However, all bead clusters don’t indicate underlying cells 
because, some beads attract to each other due to the magnetization and 
form a linear chain like structure [32], thus while annotating we were 
careful about this issue, and we determined clusters based on these 
properties; three or more beads had to bound each other, and after 
bounding their shape had to be circular. In addition, sometimes less than 
three beads can be bound to micropad and made cells invisible. This case 
was also annotated as a cluster. In Fig. 1. bottom row, some examples of 
clusters were shown. Cells have irregular shapes and sizes in the image. 
Beads have uniform circular shape. Micropads have regular square 
shapes, but different sizes of micropads were tested for different patient 
samples. 

3.2. Overview of the MRD biochip image segmentation workflow 

Our general segmentation workflow is given in Fig. 2. Raw images 
were captured from MRD biochip by the bright-field microscope. Then, 

raw images were divided into small images without overlapping. Input 
image size for the network was 224x224x3. At the end of the segmen
tation network, each pixel of the input image was classified as one of the 
five groups: cell, cluster, bead, micropad or background. 

3.3. Semantic segmentation with U-Net architecture 

U-Net is a semantic segmentation network, and it is commonly used 
in biomedical image segmentation [29]. U-Net is a frequently used deep- 
learning architecture for cell detection and shape measurements in 
biomedical images [24]. U-Net is a convolutional neural network model, 
and it consists of contracting path and expansive path. It is stated that 
even with small dataset it performs well [29]. Our U-Net network had 
convolutional layers followed by batch normalization layers [33,34] and 
activation function (ReLU) [35] layer, max-pooling layers and up- 
convolutional layers. The general view of the architecture is shown in 
Supplementary Fig. 1. 

We have modified the original U-Net structure by adding batch 
normalization (BN) layer after each convolution layer as regularization. 
The input image size was set to 224x224x3, and weighted softmax loss 
function was used. 

3.4. Unbalanced dataset problem and transfer learning 

Training with unbalanced class dataset is a common problem for 
semantic segmentation models [36]. This problem leads to poor network 
performance on minority class, which is the center of attention for our 
case. In our images, coverages in terms of pixel area ratio are 72% 
background, 22% micropads and 5% immunomagnetic beads, 0.2% cells 
and 0.8% clusters. Because of unbalanced class, cells were segmented as 
background and clusters were segmented as micropads or as immuno
magnetic beads. To overcome this issue, transfer-learning-oriented 
method was used. Method consisted of firstly training the network ar
chitecture on a balanced dataset, then using class weights of pre-trained 
network as initial weights for fine tuning training the unbalanced 

a b c
10µm

10µm

d e f g
10µm 10µm 10µm 10µm

Fig. 1. Top row: The general view of image and its annotation. a) Original bright-field microscopy image obtained from the microfluid platform. b) Cropped image c) 
Annotated cropped image, green, yellow, red, blue, and white colors, respectively, represent cell, cluster, micropad, immunomagnetic beads, and background. 
Bottom row: Clusters can appear in 4 different forms as indicated by arrows. d) Three beads, e) more than three beads are sticked together and the shape is circular. f) 
More than three beads sticked together, but shape is not circular, so it is not cluster. g) Less than three beads bounded to micropad and occluded the cell. 
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dataset [37]. To gather balanced class datasets, isolated (single) cells, 
clusters, micropads and immunomagnetic beads images was cropped 
from the big size images. Then, cropped images were resized with 
bicubic interpolation. Finally, network was trained on balanced dataset 
and weights were transferred to train an unbalanced dataset. 

3.5. Experimental setup 

3.5.1. Dataset 
To create balanced dataset, cropped image number for each class is 

presented in Supplementary Table 1. Initial weights for the original 
dataset training were obtained from training on a balanced dataset. We 
had 90 images of patient samples that are of size 3116 × 4076 × 3. 65 
high-resolution images were used for training, 7 high-resolution images 
were used for validation and 18 high-resolution images were used for 

Fig. 2. Architecture of the pixel-wise classification network. The network was trained to classify the pixels into one of the 5 classes: cell, cluster, bead, micro
pad, background. 

Fig. 3. (a-c): Accuracy and Loss result graphs of U-Net with different hyper-parameters. (d): Parameter values for each training in a, b, and c graphs. The graph shows 
that with the given hyper-parameter selection, the model (c) can learn the class representations without any overfitting or underfitting of the data. 
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testing which roughly corresponds to 80%/20% train-test, 90%/10% 
train-validation distribution. This percentages are commonly used in 
deep learning studies [38–40]. Our network accepted input image of size 
224 × 224 × 3 pixels. First, our images were resized to 2912 × 4032 × 3 
to be able to divide them smaller non-overlapping windows of 224 ×
224 × 3 pixels. After that, all ninety-one high resolutions and their an
notated images were equally and without overlapping divided into 224 
× 224 × 3. Finally, 21,294 image patches were obtained for dataset. 

3.5.2. Hyper-Parameter optimization 
Hyper-parameters such as initial learning rate, maximum epoch, 

mini batch size can dramatically affect the performance of the network 
(Fig. 3). It can be seen that optimum parameters can increase the ac
curacy of network by 20%. Thus, it is important to tune the hyper- 
parameters of the network. To find the optimum parameters, Bayesian 
optimization algorithm, which uses the information of the previous 
experiments to enable optimal choice of next parameters to test was run 
on the balanced dataset [41]. We applied the optimization algorithm for 
the depth of U-Net architecture, the initial learning rate, the maximum 
epoch, the mini batch size and the L2Regularization hyper-parameters. 

Adam optimizer was used as a solver for training the network [42]. 
Training dataset was reshuffled at every epoch. Learning rate scheduler 
was used to decrease learning rate of the training dynamically with 0.1 
drop factor and with 40 drop period. 

3.6. U-Net, DeepLabV3 and FCN architectures 

Codes were implemented using the Pytorch library. Having noisy 
images and different patient images in both train and test set were 
crucial for a reliable model. For that reason, we ensured that the test set 
contains samples from each image variations. After the split, 15,444 
images were used for training, 1638 images were used for validation, 
and 4212 images were used for testing. For the maximum epoch 32, 50, 
64, and 128 and for the mini batch size 16, 32, 54, 64 were tested. 

We wanted to compare the segmentation performance of modified U- 
Net architecture with DeepLabV3 that is semantic segmentation model 
uses atrous convolution in parallel for multi-scale context capturing 
[30], and FCN architectures. 

DeepLabV3 model with a ResNet-50 and ResNet-101 backbone, and 
FCN model with ResNet-50 and ResNet-101 backbone were used for 
comparison. Initial learning rate, L2Regularization, and mini batch size 
hyper-parameters were the same for all 5 architectures. All parameter 
values are reported in Supplementary Table 8. We have tried different 
epoch number and we have chosen the epoch number for each network 
based on achieving the minimal loss and higher cross-validation per
formance. This approach is given in similar studies [40]. As maximum 
epoch, 50 for U-Net architecture, 16 for DeepLabV3 architectures, and 
32 for FCN architectures were used. 

3.7. Quantification of cells and clusters 

It is important to quantify the number of cells in the given image to 
be able to calculate the density of leukemia cells. The cells appear in two 
distinct ways. One of them is isolated and clearly visible cells, and the 
other one is occluded cells that are partially or fully covered by the 
immunomagnetic beads, which is named as “cluster” in the text. The 
workflow of quantification process in given in Fig. 4. To be able to 
quantify number of cells and clusters, segmentation result images were 
used. First of all, high-resolution images were cropped to small sized 
image patches and segmentation algorithm is applied on cropped image 
patches. The resulted patches are again merged to get high-resolution 
segmentation maps and they are used to quantify number of cells and 
clusters. Quantification was done on high-resolution images, because 
some part of the same cell and cluster can be seen in one patch, while the 
other part can be seen in another patch. In addition, it is needed to get 
total number of cells and clusters on the high-resolution images which 

refers our original dataset image. After merging patches to their original 
high-resolution image, on image, segmented cells and clusters obtained 
in binary image format. After that, to merge cell parts which are close to 
each other and belong to the same cells and cluster parts which are close 
to each other and belong to the same cluster, by using disk-shape 
structuring element morphological closing operation is applied. After 
closing for cleaning small cell parts, cluster parts and noisy parts, disk- 
shaped structuring element is used and morphological opening opera
tion is applied. Finally, on the binary image, object quantification is 
applied and number of cells and clusters is found. For evaluation of 
quantification, the results are compared with the expert’s evaluation 
results. 

4. Experimental results 

21294 images with 224 × 224 × 3 size, which belong to four 
different patients and were collected at different times such as on 
diagnosis and after 15 days from the diagnosis [9], were segmented by 
the proposed U-Net algorithm. Images were annotated pixel by pixel 
according to their classes. With the proposed U-Net segmentation al
gorithm cells, immunomagnetic beads, micropads, clusters and back
ground were segmented. In Fig. 5, an example of original 224x224x3 
images, their annotated images and their segmentation results are 
shown. 

4.1. Experimental setup using U-Net and test results 

To determine the performance of the proposed segmentation algo
rithms, accuracy, intersection over union (IoU) [43] and BF-Score [44] 
were considered. 

Accuracy shows the percentage of the correctly classified pixels and 
calculated as follows; 

ACC =
TP + TN

TP + TN + FP + FN
(1) 

where TP refers to true positive, TN refers true negative, FP refers 
false positive, and FN refers false negative. 

The intersection over union (IoU) metric used in segmentation al
gorithms and it is a ratio between overlap and union of ground-truth 
labels and prediction labels. IoU is calculated as follows; 

IoU =
ground truth labels ∩ prediciton labels
ground truth labels ∪ prediciton labels

(2) 

BF score means boundary F1 score, and it indicates how well- 
predicted boundary of each class aligns with the true boundary and 
calculated as follows; 

BF Score =
Precision*Recall*2
Precision + Recall

(3) 

Results were obtained with Adam optimizer with initial learning rate 
0.00041314, maximum epoch 16, and mini batch size 8. The result of 
matrices for each class on the test dataset is given in Supplementary 
Table 2. The tests were implemented on Matlab. 

Annotation was done on high resolution images, and then they were 
divided into smaller images. On high-resolution images, the part which 
beads are sticked together and the shape is circular cannot be seemed as 
circular after non-overlapping crop. Therefore, in smaller images those 
cluster parts were missed and segmented as bead. IoU for cluster is lower 
than the others because, IoU value is calculated by division of the 
overlap area between ground truth image and segmentation result 
image by the union area between ground truth image and segmentation 
result image. The average value of matrices for all classes on the test 
dataset is given in Table 1. 

As a result, the accuracy for each class was more than 85%, IoU was 
more than 50%, which is close to the state-of-the-art methods in 
biomedical image datasets, and BFScore was also more than 50%. Global 
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Apply semantic segmentation algorithm on the image patches

Get segmentation results for all patches

Merge cropped images to get segmented high-resolution cell and cluster 

images and apply binary addition them to count number of objects

Crop high-resolution large image into patches

Apply morphological operations on binary image and count number 

of objects and show results on original rgb image

Fig. 4. Quantification of cells and clusters workflow. 
High-resolution RGB image is cropped into small 
image patches and segmentation is done on them. 
Then, after segmentation, patches are merged and 
obtained segmented cell and cluster high-resolution 
binary image. After that because clusters are also 
cell in our case, two segmented images are added to 
find total number of cells and by using morphological 
operations object counting on binary image is 
completed. Finally, counting results are shown on 
original RGB image and evaluation is done by manual 
counting.   
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accuracy was 99% that is more accurate than similar studies [37,45]. 
The proposed network performance on training and validation 

dataset is given in Supplementary Fig. 2. 
From Supplementary Fig. 2, it can be seen that validation accuracy 

was reached 99% and training loss were less than 0.05. 
We modified original U-Net architecture by adding BN layer after 

each convolution layer as regularization. To see the effect of adding new 

layer to network, we trained small number of datasets. The effects of 
adding BN layer on average metrics is shown in Table 2, and the effects 
on class metrics is shown Table 3. Results show that adding BN layer 
increased overall performance of U-Net architecture by increasing per
formance of all evaluation metrics. 

The tests were repeated with U-Net implementation on Pytorch. This 

(a) (b) (c)

10µm

10µm

10µm

10µm

Fig. 5. Results of U-Net segmentation on test images. Left to right (a) input images, (b) ground truth images, (c) segmentation results.  

Table 1 
U-Net segmentation average metrics for 5 classes.  

Global 
Accuracy 

Mean 
Accuracy 

Mean 
IoU 

Weighted 
IoU 

Mean BF 
Score  

0.99  0.93  0.84  0.98  0.95  

Table 2 
U-Net segmentation average metrics with BN, and without BN layer.   

Global 
Accuracy 

Mean 
Accuracy 

Mean 
IoU 

Weighted 
IoU 

Mean-BF 
Score 

U-Net  97.0% 83% 73% 94% 85% 
U-Net 
+ BN  

97.5% 87% 78% 95% 87%  
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time to evaluate the performance of segmentation algorithm on our 
dataset, accuracy, precision, recall and f1-score (the same with BF Score) 
was calculated, which are given by. 

Precision =
TP

TP + FN
(5)  

Recall =
TP

TP + FP
(6) 

In addition, mean intersection over union value was calculated. The 
global accuracy was 98.7% and the mean IoU was 86.1%. Results of 
other matrices on each five classes are shown in Supplementary Table 3. 

These results were achieved with initial learning rate 0.00041314, 
maximum epoch 50, mini batch size 16, and U-net depth 5. As a result, 
the accuracy for cell, bead, micropad segmentation, and mean IoU for all 
class segmentation increased because, bigger mini batch size and bigger 
maximum epoch number was able to train the architectures. 

4.2. DeepLabV3 and FCN 

To compare DeepLabV3 and FCN architectures with proposed U-Net 
performance, the same evaluation matrices were used, and results of 
architectures on five classes are given in Supplementary Table 4. Sup
plementary Table 5. Supplementary Table 6. Supplementary Table 7. 

In Supplementary Table 4. Supplementary Table 5. Supplementary 
Table 6. Supplementary Table 7, results show that, different architec
tures give different value for performance metric on five classes. How
ever, to see overall performance of architectures on our dataset, we 
calculated mean accuracy, mean IoU, mean precision, mean recall, and 
mean F1-score. Overall performance comparison of all five semantic 
segmentation algorithms is given in Table 4. 

As a conclusion, proposed U-Net, DeepLabV3, and FCN semantic 
segmentation architectures have similar performance on our dataset 
when we compare overall performance metrics. However, even the 
difference is small, proposed U-Net architecture gives the best results on 
performance metrics. In addition, deeper network like DeepLabV3- 
Resnet101 and FCN-Resnet101 show better performance on accuracy, 
IoU, and recall values compared to DeepLabV3-Resnet50 and FCN- 
Resnet50. 

4.3. Automated quantification after segmentation 

In our previous study [9], after identification of each object, we 
made an automated quantification for each object by using morpho
logical operations and results of the quantification were compared with 
the manual counting of an expert. In this study, to observe the 

quantification results, after the segmentation, by using morphological 
operations, we counted each labeled cells and clusters automatically and 
we used again the same manual counting for evaluation. In our previous 
study, beads, micropads and background quantification error were less 
than 0.02, and also cell and cluster quantification were critical. There
fore, we only focused on quantification results of the cell and cluster. 
Quantification is applied on test images of dataset and results are given 
in Table 5. It can be seen in Table 5 that recall level reaches 97% success. 
This indicates that there is low number of missed detections. In addition, 
precision level reaches 89% success. This indicates that there is low 
number of wrong detections (false positives). 

In this proposed study, to see the improvement compared to our 
previous study, quantification results of cells and clusters on test images 
with previous study and proposed study is compared and results are 
given in Table 6. Results showed that all evaluation matrices have been 
improved. Besides, to show statistical relation between expert’s manual 
counting and automated counting, we used Mann-Whitney U test [46] 
because, we had two independent groups with limited amount of data. 
Our hypothesis was H0: Statistically there is no difference between 
manual and automated counting, H1: Statistically there are differences 
between manual and automated counting. When we test four patient’s 
manual and automated counting results, we got 0.64 Asymp. Sig. Value 
which is bigger than 0.05. This means that, hypothesis H0 was kept, and 
concluded that there was not statistically difference between the ex
pert’s manual counting and the automated counting. 

5. Conclusion 

The proposed method is designed to segment objects in the images 
which is captured from a biochip by bright-field optical microscopy. The 
images include target B lymphoblast cells, immunomagnetic beads and 
micropads. Without cell staining, U-Net + BN convolutional neural 
network architecture with transfers learning from balanced dataset and 
with hyper-parameter optimization achieved 98.7% global accuracy, 
86.1% mean IoU, 92.2% mean precision, 92.2% mean recall and 92.2% 
mean f-1 score measure on a patient dataset for semantic segmentation. 
Outcomes of the proposed U-Net is compared with the outcomes of four 
different semantic segmentation architectures. The results show that all 
the architectures have similar results on our patient dataset, but U-net 
gives the best performance. In addition, the results show that even if 
micropad size and bead density change, segmentation algorithms can 
detect cells. When determining the performance of the algorithm on test 
parameters set such as precision, recall, F-measure and others, we used 
annotated images of test images. In addition, after segmentation with U- 
Net, for quantification results, we compared the outputs of the algorithm 
with the output of our manual evaluation of the images. 

In the proposed study, annotation of images is done on high- 
resolution images, and then images and their associated annotations 
are cropped to smaller patches without overlapping for training and 
testing. Not using overlapping windows cause some problems. In high- 
resolution images, if three or more beads bind each other, and after 
bounding their shape are circular, these bound beads are annotated as 
cluster. However, when images are cropped to smaller patches, some 
cluster parts can go to one patch, while other parts can go to different 
patches, and this time they seem as a bead not a cluster due to number of 
beads and shape appearance. The proposed method segments these 

Table 3 
U-Net segmentation class metrics with BN, and without BN layer.  

Class Name Accuracy Accuracy(U-Net þ BN) IoU IoU(U-Net þ BN) MeanBF Score MeanBFScore(U-Net þ BN) 

Cell  0.746  0.799  0.533  0.593  0.536  0.497 
Cluster  0.575  0.656  0.524  0.632  0.262  0.396 
Bead  0.909  0.941  0.701  0.760  0.775  0.820 
Micropad  0.978  0.983  0.943  0.948  0.902  0.921 
Background  0.986  0.979  0.979  0.979  0.948  0.951  

Table 4 
Overall performance comparison between 5 different semantic segmentation 
architectures.   

U-Net 
þ BN 

DeepLabV3- 
Resnet50 

DeepLabV3- 
Resnet101 

FCN- 
Resnet50 

FCN- 
Resnet101 

Accuracy  98.7% 98.2% 98.3% 98.2% 98.3% 
IoU  86.1% 85.6% 86% 85.8% 85.8% 
Precision  92.2% 92% 92% 92% 91.8% 
Recall  92.2% 92% 91.6% 92.2% 92.4% 
F1-Score  92.2% 92% 91.7% 92.1% 92%  
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clusters as bead, and segmentation performance is evaluated based on 
the annotated images, so evaluation metrics result for cluster are lower 
than other objects evaluation metrics which is given in Table 3. To in
crease the performance of cluster segmentation, cropping with over
lapping windows will be tested as a future work. Moreover, not to break 
clusters into pieces, model structure can be changed to analyze high- 
resolution images by using image pyramid techniques as a future work. 

6. Discussion 

Segmentation of cells from microscopy images were reported in [47] 
with 96.1% mean accuracy and 92.1% mean IoU on stained images, in 
[21] with accuracies of 97.45%, 93.34%, and 85.11% for RBCs, WBCs, 
and platelets, respectively, and mean IoU of 0.31%. However, cells were 
stained which makes them distinctive. Also, in these reports there was 
no unbalanced dataset problem. However, in this work, cells are not 
stained, an image includes other biomaterials, which have more pixel 
area than cells (unbalanced data). The proposed method achieved the 
mean accuracy 98.7%, mean IoU 86.1%, and mean BFScore 92%. 

In our previous study [9], we used conventional digital image pro
cessing methods to detect and quantify cells, clusters, immunomagnetic 
beads, and micropads which benefit from color, size and shape. The 
critical task was the quantification of cells and we obtained 85% pre
cision and 86% recall value. However, for each object detection in the 
images, different methods were implemented, and the parameters such 
as structuring element of morphological operations were separately 
optimized. Also, for low-quality images, preprocessing steps were 
implemented. To increase accuracy for all classes, and to make system 
fully automated and robust deep learning methods were implemented. 

The developed system uses hyper-parameter optimized convolu
tional neural network architecture U-Net + BN to segment objects in the 
images and U-Net performance is compared with four different semantic 
segmentation architectures. Comparison results are given in Table 4. All 
five architectures result in similar outcomes, but U-Net shows the best 
performance. Besides, unbalanced dataset dramatically affects perfor
mance of the network. In our case, to overcome unbalanced dataset 
problem, firstly, we trained the network on balanced dataset and 
transferred initial weights for each class to unbalanced dataset training 
part. We tried data augmentation technique to increase dataset and so to 
increase the performance of the network, but it didn’t increase the 
performance of the network, so we didn’t use it in the final tests. Our 
system is fully automated, after the optimization, there was no need to 
arrange parameters, and the proposed system resulted in segmentation 
of all objects in one image. Segmentation accuracy for each class was 
more than 85% and IoU for each class was more than 65%. Moreover, 
after the segmentation, cells were quantified and results showed that, all 

evaluation matrices in [9] have been improved with the proposed se
mantic segmentation methods, and the improvements are given in 
Table 6. The statistical analysis revealed that deep learning-based cell 
segmentation and counting can be used as a readout method for the 
MRD Biochip. The current results are promising and for the future work, 
we are planning to perform more clinical trials and increase the sample 
size for testing the whole system. We anticipate that the developments in 
the microfluidic system and the iterative optimizations would further 
improve the performance of the deep learning algorithm. We observed 
that cells from patient samples have more variations in terms of size and 
appearance under microscope compared to the cells from the cell cul
tures. In order to improve the reliability of the system, more patient 
samples should be tested. In addition, we realized that, when we divide 
the high-resolution images to smaller sizes, some cluster parts are 
segmented as beads, and this causes less true positive for clusters, and 
more false positives for beads, and so less precision value for clusters, 
beads, and overall performance. In order to increase precision, model 
structure can be changed to analyze high-resolution images by using 
image pyramid techniques as a future work. Moreover, before segmen
tation algorithm, some pre-processing methods can be applied to noisy 
images to increase the precision value. 
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J. Ossenkoppele, Minimal/measurable residual disease in AML: a consensus 

Table 5 
Overall performance of quantification of cells and clusters on test images.  

Average TP Average FP Average FN Precision Recall F-Measure Detection Error  

46.5  3.6  1.2  0.89  0.97  0.93  0.06  

Table 6 
Comparison of quantification results between our previous study and proposed 
study on test images. Improvement rate is calculated as (Proposed method’s 
result – the previous method’s result) / |ideal result - previous result| * 100.   

Precision Recall Detection 
error 

F- 
Measure 

Max- 
Precision 

Previous study 
[9] 

81% 84% 16% 79% 95% 

Proposed 
Method 

89% 97% 6% 93% 99% 

Improvement 
Rate 

9.8% 15.4% 62.5% 17.7% 4.2%  

F. Çelebi et al.                                                                                                                                                                                                                                   

https://doi.org/10.1016/j.bspc.2022.103783
https://doi.org/10.1016/j.bspc.2022.103783
http://refhub.elsevier.com/S1746-8094(22)00305-6/h0005
http://refhub.elsevier.com/S1746-8094(22)00305-6/h0005
http://refhub.elsevier.com/S1746-8094(22)00305-6/h0005
http://refhub.elsevier.com/S1746-8094(22)00305-6/h0005
http://refhub.elsevier.com/S1746-8094(22)00305-6/h0005


Biomedical Signal Processing and Control 77 (2022) 103783

10

document from the European LeukemiaNet MRD Working Party, Blood 131 (12) 
(2018) 1275–1291. 

[2] N.J. Short, E. Jabbour, M. Albitar, M. de Lima, L. Gore, J. Jorgensen, A.C. Logan, 
J. Park, F. Ravandi, B. Shah, J. Radich, H. Kantarjian, Recommendations for the 
assessment and management of measurable residual disease in adults with acute 
lymphoblastic leukemia: A consensus of North American experts, Am. J. Hematol. 
94 (2) (2019) 257–265. 

[3] Z. Wang, M. Guo, Y. Zhang, S. Xu, H. Cheng, J. Wu, W. Zhang, X. Hu, J. Yang, 
J. Wang, G. Tang, The applicability of multiparameter flow cytometry for the 
detection of minimal residual disease using different-from-normal panels to predict 
relapse in patients with acute myeloid leukemia after allogeneic transplantation, 
Int. J. Lab. Hematol. 41 (5) (2019) 607–614. 

[4] I. Della Starza, V. Nunes, F. Lovisa, D. Silvestri, M. Cavalli, A. Garofalo, 
M. Campeggio, L.A. De Novi, R. Soscia, C. Oggioni, L. Mussolin, A. Biondi, 
A. Guarini, M.G. Valsecchi, V. Conter, A. Biffi, G. Basso, R. Foà, G. Cazzaniga, 
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