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Abstract
Cell counting is a common method used in various fields, including pharmaceuti-

cal research and oncology, to determine the number of cells present in a sample. This
process is typically carried out manually by researchers counting every cell individually
with a microscope, which can be time-consuming and tedious. Automated cell counting
equipment and software are available, but these options are often expensive, inacces-
sible, and not easy to use. In this project designed to meet this need of researchers, a
dataset consisting of 792 photographs of trypan blue stained MCF7 breast cancer cells
was created. Each cell was either labeled dead or live with bounding boxes. Then, ma-
chine learning models were trained to detect live and dead cells from images. Various
models from the Scaled YOLOv4 family (YOLOv4-CSP, YOLOv4-P5, and YOLOv4-
P6) with multiple variations of hyperparameters and options were trained and tested on
the dataset to determine the optimal settings for maximum accuracy. After evaluating
the performance of the models on the test dataset, the YOLOv4-P5 model with a batch
size of 8, an epoch number of 193, an image size of 1024, transfer learning enabled,
and multi-scaling disabled provided the best result of 0.865 precision, 0.961 sensitivity,
0.958 mAP.5 and 0.451 mAP.5:.95 scores. The speed of the developed model was found
to be 0.06 seconds when processing a 1280x900 resolution photograph on a Tesla P100
GPU. To make the model accessible to researchers, a web application and a mobile ap-
plication were also developed. These applications allow researchers to easily upload
photographs and process them on the trained artificial intelligence model. The image
processing is carried out on the web server, which means that the web application and
mobile application can be accessed from any device with internet connection, without
the need for any additional hardware. Both the web application and the mobile appli-
cation are user-friendly and provide an accessible and cheap alternative to other cell
counting methods while working nearly 300 times faster than manual counting.
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1 Objective
In cancer studies, molecular biology, and drug research, it is necessary to know the

number of cells. One of the most popular methods for counting cells is staining. Stained
cells are typically counted manually by researchers using a microscope. Manual counting is
a time-consuming process. In addition, manual cell counting can cause discrepancies in the
counts made by experts. It is important for the reproducibility of the results that the counts be
standardized. There are alternative counting methods such as automatic counting machines
and image processing software. However, automatic counting machines are expensive and
not widely available. Image processing software requires the user to have prior knowledge
and is not easy to use. A cheap, easy, accessible, and fast method is needed. The aim of
this project is to develop a machine learning model that automates the processing of cell
photographs stained with trypan blue on a website or mobile application and to provide this
model on a web server.

2 Introduction
Testing the viability of cells is frequently used in studying the effectiveness and side ef-

fects of drugs as well as in oncological research [1]. The Trypan Blue Exclusion Test of Cell
Viability is a method that allows the measurement of cell viability with a light microscope
(CAS Registry Number: 72-57-1) [2]. Live cells have selective permeability of their mem-
branes, so the dye cannot enter the cell cytoplasm, while dead cells have lost this property
[3]. Therefore, trypan blue accumulates in the cytoplasm of dead cells, causing the cells to
turn blue. As shown in 1, dead cells are dark while live cells are light in color.

Figure 1: Stained live and dead cells for Trypan Blue Exclusion Test

The method is used to calculate the number of dead/live cells in a cell culture at a
certain concentration. The number of cells should be in a range suitable for counting in a
hemocytometer. The trypan blue/cell mixture is placed on the hemocytometer and focused
on a hemocytometer light microscope slide as shown in 2 [4].
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Figure 2: Hemocytometer

Stained (dead) and unstained (live) cells are counted separately in the hemocytometer
[5]. For example, to obtain the total number of cells per milliliter, the total number of live
and dead cells and the dilution factor are substituted to (1).

Total Cells/ml = Total Counted Cells × Dilution Factor
Number of Squares

× 10000 cells/ml (1)

To calculate the percentage of viability, the number of live cells is divided by the total
number of live and dead cells.

%Viability =
Number of Live Cells
Number of Total Cells

(2)

Cell counting using a microscope, which is performed by technicians, biologists, and
specialists in clinical and research laboratories, is a difficult-to-standardize indirect method.
The error margin may increase due to the evaluation based on cell membrane integrity [6].

There have been various studies on counting stained cells using image processing
methods. Grishagin has created a plugin using his own algorithm for the ImageJ platform
[7]. Aung and colleagues have developed an algorithm using image processing methods such
as grayscale conversion, morphological operations, adaptive k-means clustering, and circle
hough transform to count cells stained with trypan blue [8]. In addition to these studies, re-
cent research has also been conducted using machine learning methods, which have replaced
classical image processing methods. In his study, Ozkan first applied preprocessing to the
photographs and then used a three-layer artificial neural network with one hidden layer and
one output layer to count cells stained with trypan blue [9]. Artificial intelligence-based ap-
proaches aimed at automating cell counting have also begun to spread in industrial fields in
recent times [10]. However, these artificial intelligence software can only work with the help
of specialized equipment, so the applicability of these solutions is low. For laboratories us-
ing standardized equipment, resorting to such methods would render old equipment obsolete
and therefore lead to unnecessary costs. A cheaper, user-friendly and accessible method is
needed compared to existing methods.
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The concept of machine learning, first proposed by Arthur Samuel in 1959, has rev-
olutionized image processing technology with the development of convolutional neural net-
works by Krizhevsky and colleagues [11]. This eventually led to development of machine
learning models capable of object detection. One of the early popular models was YOLOv1
published by Redmon and colleagues in 2016 [12]. Redmon and Farhadi continued to de-
velop the model by publishing YOLOv2 in 2017 and YOLOv3 in 2018 [13] [14]. YOLOv4
was published by Bochkovskiy and colleagues in 2020 and Scaled YOLOv4 was published
by the same group in 2021 [15] [16].

Scaled YOLOv4 model family consists of 3 model types: YOLOv4-Tiny, YOLOv4-
CSP, YOLOv4-Large. These models differ in the number of layers and parameters. The
YOLOv4-Tiny model is a lightweight model in terms of its required processing power and
designed for use on phones and embedded systems. YOLOv4-CSP is heavier but more
accurate than YOLOv4-Tiny and lighter in parameter size but less accurate than YOLOv4-
Large. The YOLOv4-Large models are the heaviest and most accurate models in the Scaled
YOLOv4 family. The YOLOv4-Large consists of three models: YOLOv4-P5, YOLOv4-P6,
and YOLOv4-P7. YOLOv4-P5 is the lightest of these models, while YOLOv4-P7 is the
heaviest. When creating the YOLOv4-Large models, the YOLOv4-P5 model was designed
first and then the YOLOv4-P6 and YOLOv4-P7 models were created by adding additional
layers on top of this model. 3 shows the architectures of the YOLOv4-Large models.

Figure 3: Architectures of YOLOv4-Large models [16]

GIoU (Generalized Intersection over Union), which is one of the loss functions used
in training machine learning models, was developed by Rezatofighi and colleagues in 2019.
GIoU is an improved version of the IoU (Intersection over Union) loss function, which is
commonly used in problems such as object detection [17]. The IoU function is calculated
by dividing the intersection of the model’s estimate and the ground truth by the union of
them. However, the IoU function returns zero if there is no intersection between the estimate
and the ground truth and cannot return negative values. This prevents the IoU function from
reflecting whether the estimate is close to or far from the reference. To solve this problem,
Rezatofighi and colleagues proposed the GIoU function.
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The objectness loss function is a loss function that determines whether the model’s
estimate is an object or not. The model can make multiple estimates for an object, and an
objectness score is calculated for each estimate. While other loss functions are only cal-
culated for the estimate with the highest objectness score, the objectness loss function is
calculated for all estimates [14].

The classification loss function measures the accuracy of the class that the model pre-
dicts for the object. The model gives a probability for each possible class the object might
belong to. The binary cross-entropy function is applied to all class probabilities and the re-
sults are summed [14].

Backpropagation is a method frequently used in neural networks. In short, the gra-
dient of the error with respect to the weights is calculated, allowing the model to determine
how much the weights should change [18]. Gradient descent is a method used to find the
local minima of a differentiable function [19]. Stochastic gradient descent is similar to gra-
dient descent, but it is calculated on random data rather than all data. Therefore, it is faster
than classic gradient descent, but the loss values obtained during descent are less stable [20].

In image processing, bounding boxes are used in object annotation [21]. There are
three types of information in this method: the coordinates of the box, the type of object,
and the confidence of the prediction. Non-max suppression (NMS) prevents the same object
from being marked by multiple bounding boxes at the same time, doing so by selecting the
best estimate from the specific bounding boxes that represent the same object to ensure that
the marking is done with higher accuracy. This selection is made by using the IoU method
and comparing the confidence of the bounding boxes.

Precision and recall are two methods that help to find the accuracy of predictions and
where the error is coming from [22]. Precision gives the percentage of how many of the
model’s predictions are correct. Recall gives the percentage of how many out of all objects
were detected. The formulas for precision and recall are given in (3). In the formula, ”TP”
represents true positive predictions, ”FP” represents false positive predictions, and ”FN” rep-
resents false negative predictions.

Precision =
TP

TP+FP
Recall =

TP
TP+FN

(3)

To calculate mAP (minimum average precision), precision values are marked for recall
values that increase in increments of 0.1 from 0 to 1, creating a graph like 4 [23]. The preci-
sion values are summed for the 11 recall values and the average is taken, i.e., it is divided by
11. This value is repeated for all data types. The average of the AP values for all types gives
the mAP value. The mAP@.5 is the value at an IoU threshold of 0.5, while mAP@.5:.95
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is the average of the results obtained with IoU threshold values ranging from 0.5 to 0.95,
increasing by 0.05 each time.

Figure 4: Precision-Recall Graph

Transfer learning is the process of storing data used to solve a problem and using it
to solve a similar problem [24]. This speeds up and simplifies the solution of subsequent
problems.

Grayscale is a color space consisting only of gray and its shades [25]. The value of
each pixel is expressed with an 8-bit value between 0 and 256, so less information is needed
for each pixel. The grayscale calculation formula is shown in (4).

0.299× R + 0.587× G + 0.144× B (4)

CVAT is a free, web-based photo and video annotation tool developed by Intel. It can be
used for tasks such as object detection, image classification, and image segmentation [26].

3 Method
The project is a machine learning model that automates the processing of dyed cell pho-

tographs used in cell culture studies, and it can be accessed through a web site or mobile
application.

In the previous tests of the project, trypan blue stained cell photographs were first con-
verted to grayscale and then image processing methods such as non-local means denoising,
CLAHE, Otsu thresholding, morphological operations, and watershed segmentation were
applied to the photographs. As a result of these processes, 56.7% accuracy was obtained in
the counting of dead cells and 85.5% accuracy in the counting of live cells. However, the
accuracy and efficiency of this study were found to be low, and it was thought that the results
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could be improved with different methods. It was seen that the classical image processing
algorithms did not give good results in various lighting and contrast conditions, which might
be the reason for the low accuracy values. For this reason, it was thought that machine
learning, a new and popular image processing method, would give more accurate and faster
results for this task.

The machine learning codes, and web server are written in the Python (Version 3.9.7)
programming language. Pytorch (Version 1.10.2) library has been used for machine learn-
ing. The OpenCV (Version 4.5.5) image processing library has been used to read and process
the photos. Numpy (Version 1.22.1) has been used to save the photos as an array and to per-
form operations on the arrays after the photos have been read. The machine learning model
and web server have been written in the same language to make it easier to integrate the
two codes. The web server has been written using the Flask (Version 2.0.2) library. The
codes have been written using Visual Studio Code (Version 1.64). The user interface for the
website has been written using the Bootstrap (Version 5.0) library. The mobile application
for the project has been developed using the React Native (Version 0.67) library. The Re-
act Native library allows the application to run on both Android and iOS without the need
for additional code. In addition to the React Native library, the react-navigation (Version
4.4.4) library has been used to provide the screens and navigation within the application,
the react-native-vector-icons (Version 9.0) library has been used for additional icons in the
application, the react-native-image-picker (Version 4.7.3) library has been used to add the
ability to select photos from the phone camera and gallery, and the Redux (Version 4.1.2)
library has been used to store universal variables in the application.

3.1 Dataset
In the study, the trypan blue stained MCF7 cancer cell photographs taken with the cam-

era of the Olympus Inverted CKX41 microscope were used. The dataset consists of 704
photographs of 1280x900 and 88 photographs of 1280x960 resolution. Every cell in the
792 photographs were annotated as either living and dead with the help of two experts in
biotechnology and molecular biology. Then, the annotations were combined, and a common
decision was made in the conflicting ones. As a result of the counts, 5882 live and 1890
dead cells were counted among 792 photographs. The photographs were labelled using the
bounding box method through the CVAT application. The interface of the CVAT application
is shown in 5.
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Figure 5: Interface of the CVAT application

The model has been trained with grayscale photos since most microscope cameras can
only take photographs in grayscale. Training the model with grayscale photographs allows
the model to process both grayscale photographs and colored photographs by converting
them to grayscale. The dataset was split in a 75/25 ratio for training and testing the machine
learning models. In this case, 592 photos were used for training and 200 photos were used
for testing. An example of an annotated and unannotated photograph from the dataset is
shown in 6.

(a) An unannotated photograph (b) An annotated photograph

Figure 6

The Scaled YOLOv4 models chosen for use in this study require that the data to be
in YOLO format. According to the YOLO format, a text file with a .txt extension and the
same name as the image file is created in the same folder for each image file. Each text
file contains the classes, coordinates, heights, and widths of the objects in the corresponding
image file. A new line is opened for each object [27]. The contents of an example text file
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written in YOLO format are shown in 7.

Figure 7: An example of a text file formatted according to the YOLO format

According to the YOLO format, all values saved are normalized to a range between 0
and 1 by dividing them by the width and height of the photo. The first column in the text file
indicates the class of the object, the second column indicates the x coordinate of the center
of the bounding box surrounding the object, the third column indicates the y coordinate of
the center of the bounding box, the fourth column indicates the width of the bounding box,
and the fifth column indicates the height of the bounding box.

3.2 Machine Learning
It was planned to process the photos sent by users on a web server in this project, so a fast

model was required to quickly respond to users and prevent traffic on the server. To this end,
models that can perform real-time object detection were prioritized among the models stud-
ied. When models that perform real-time object detection were examined, it was seen that
the YOLO model family was at the forefront in terms of speed and accuracy, and a decision
was made to use models from the YOLO family. When the YOLO models were examined,
it was decided to use the Scaled YOLOv4 models, which are one of the latest models.

After the dataset was created, which model to be used from the Scaled YOLOv4 mod-
els was decided. Tests were performed on the YOLOv4-CSP and YOLOv4-Large models
with different photo sizes, transfer learning, epochs, and batch sizes to select the best model.
As a result of these tests, YOLOv4-P5 was the best model to be used in this study. The
model gave the best result with a photo size of 1024, epoch number of 193, transfer learning
enabled, and a batch size of 8. The YOLOv4-Tiny model’s performance was considered not
accurate enough, and the YOLOv4-P7 model was considered too computation-intensive, so
no tests were performed on these models. The Scaled YOLOv4 models used were written in
Python programming language and using the Pytorch machine learning library by Yiu [28].

During model training, the photos are processed in groups of 8. After the photos are
processed on the model, the model’s predictions are compared with annotations. The func-
tion used in this comparison is called the loss function. In this study, the GIoU, objectness,
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and classification loss functions were used. The goal of the machine learning model is to
minimize the output of these functions. The loss values given by the three loss functions are
added up during model training. This value is considered the total loss value of the model,
which the model tries to minimize. To minimize this value, the backpropagation algorithm
is applied to the model to find the gradient values. The SGD optimizer uses these gradient
values to adjust the model’s parameters in a way that minimizes the loss value.

Some of the models used the transfer learning technique during training. For transfer
learning, the weights trained on the COCO 2017 dataset were used [28]. The model was
trained on the training data set and its performance was evaluated on the test data set. To
evaluate the performance of the model, the precision, recall, mAP@.5, and mAP@.5:.95
metrics were used. The values of these metrics range from 0 to 1. The model that performed
the best on these metrics in the test data set was selected as the model to be used in the project.

The YOLO model family assumes that the images to be processed have a fixed pixel
size and are square in shape. Images that do not conform to these dimensions are enlarged or
reduced while maintaining their aspect ratio and black pixels are added to the empty parts.
The rectangular training mode was used during model training [29]. With this mode, for
non-square images, the aspect ratio of the photo is preserved by reducing or enlarging the
photo until the long edge of the photo reaches the pixel size accepted by the model. The
short edge is then filled with black pixels until it becomes a multiple of 32. In this way, it is
not necessary to fill the short edge with black pixels until it reaches the pixel size processed
by the model, and the processing speed of the model increases. The size of the photo that
the model will process affects the performance of the model. Increasing the size of the photo
increases the amount of space it occupies in the GPU memory during training. Therefore, the
size of the photo was selected based on the amount of space it occupies in the GPU memory.

Data augmentation was applied to the dataset to prevent overfitting during model train-
ing. When the photos were given to the model, with a random probability, the photos were
rotated horizontally or vertically and zoomed in. For training some models, a data augmenta-
tion method called multi-scale, which reduces the photo by a minimum of 50% and enlarges
it by a maximum of 50%, was used during training.

The models were initially trained on the NVIDIA GTX 1660 TI Mobile 6 GB GPU,
but it was found to be insufficient for model training and gave poor performance. Therefore,
the models were trained on the Kaggle platform using a Tesla P100 NVIDIA 16 GB GPU.
The CUDA library, which allows for the training of machine learning models on NVIDIA
GPUs, was used during the training of the models.
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3.3 Web Server
In the project, it was decided to process operations from the mobile application and web-

site on a Flask-based web server. The operation scheme of the project is shown in 8.

Figure 8: Operation Scheme of the Project

The workflow of the project is as follows: users upload photos and additional infor-
mation through the mobile application or website, which are then sent to the server. The
server receives the photo and converts it to grayscale, as the model was trained on grayscale
photos. The photo is then fed to the YOLOv4-P5 model, which processes the photo and
returns the potential locations of cells. Non-max suppression is applied to these potential
locations to eliminate overlapping predictions. The OpenCV library’s rectangle method is
used to mark live cells with red rectangles and dead cells with blue rectangles on the photo.
In addition to this marked photo, the number of cells and the cell viability calculated using
(2), as well as the number of live and dead cells per milliliter calculated using (1) if the user
entered the dilution factor, are returned to the user.

Users can access the web server from their web browsers and are redirected to the
main page when they enter the website. In 9, the home page of the website is shown.
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Figure 9: Home page of the website

Users can upload the photo they want to be processed by clicking the button next to
the text ”Please Upload the Photo You Want to Process”. Below this, there is a text box where
users can enter the dilution factor. If users want the system to calculate the number of live,
dead, and total cells per milliliter, they can enter the dilution factor here. Users can reset the
uploaded data by pressing the ”Reset” button, or they can send the photo and dilution factor
information to the web server by pressing the ”Analyze” button. The photos are processed
as shown in 8. After the photos are processed, users are redirected to the results page. 10
shows the results page. The results page shows users the photo with the cells marked and
the number of live, dead, and total cells, cell viability and the amount of live, dead, and total
cells per milliliter. Users can return to the home screen by pressing the logo at the top left of
the website.

Figure 10: Results page of the website
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3.4 Mobile Application
When users enter the application, they are directed to the home page. 11a shows the home

page of the mobile application.

(a) Home page (b) Waiting screen (c) Results screen

Figure 11

On this page, there is a text box showing how many photos the user has selected,
”Take Photo” and ”Select from Gallery” buttons to select the photos to be processed, a text
box to enter the dilution factor, and an ”Analyze” button to send the photos to the server.
When users press the ”Take Photo” button, the device’s camera application opens. From
here, users can take the photo they want to be processed using their phone’s camera appli-
cation. When the ”Select from Gallery” button is pressed, the device’s gallery opens. Users
can select one or more photos from the gallery. After selecting the photograph, users will
be redirected back to the main screen. In the text box above, users can see how many pho-
tographs they have selected. If users wish, they can enter the dilution factor they calculated
while staining their cells in the ”Enter Dilution Factor” text box. Entering data in this text
box is optional and if no data is entered, the amount of live, dead, and total cells per milliliter
will not be calculated. The dilution factor entered is taken the same for all selected images.
When users press the ”Analyze” button, the images are sent to the server for processing.
Meanwhile, the user is directed to the waiting screen. This screen is shown in 11b.

From this screen, users can see how many of their photographs have been processed.
Photographs are added to a Form Data object to be sent to the server. This object is sent via a
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POST request to the ”/api” address of the website. Each photograph is sent to the server sep-
arately and in parallel. This prevents the user from waiting when processing multiple photos.
The processing of the scheme is the same as the website version of the app and shown in the
8. The processed photos and cell counts are returned to the mobile app from the web server
in JSON format. The mobile app processes the cell data using the entered dilution factor
value. After all photographs have been processed, the user is redirected to the result screen.
The result screen is shown in 11c. On this screen, users can see the photos they have selected
and their results. If more than one photo has been submitted, they can also view the results
of other photos by scrolling down the screen. They can return to the main page by pressing
the ”Analyze” button at the bottom of the page.

4 Work-Month Schedule

5 Findings
In the first phase of the study, different models and configurations were tested while se-

lecting the model to be used. GIoU, objectness, classification loss functions and precision,
recall, mAP@.5 and mAP@.5:.95 metrics were used to compare the performance of the
models. At the end of training, the performance of the models was evaluated on the test
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dataset and these values were tabulated. 12 shows the best performances of the models.

Figure 12: Table of Model Results

When the data in the table is analyzed, it is observed that the models without the
multi-scale data augmentation method perform better than the models with the multi-scale
option turned on. This is thought to be due to the extra GPU space required by the multi-
scale option during training. Turning on the multi-scaling option causes the batch size and
the image size to be reduced, thus decreasing the performance of the model. It is possible
that on a GPU with a larger memory, this data augmentation method may yield better results.

In all the trained models, it was found that precision was lower than recall. This indi-
cates that most of the models had no problem recognizing the cells, but incorrectly predicted
some impurities as cells. 13 compares the results of the model without transfer learning and
the model with transfer learning.

(a) Transfer learning not enabled model number 4 (b) Transfer learning enabled model number 6

Figure 13: Training graphs

When the results are analyzed, it is seen that transfer learning enabled models learn
faster and give better results. While the non-transfer learning models were being trained,
there were sudden decreases between epochs in the results of the models. However, as the
number of epochs trained increased, the frequency of these sudden drops started to decrease.
In the models with transfer learning, although there were sometimes sudden drops between
epochs, these drops were not as frequent and not as large as in the models without transfer
learning. 14 shows the ground truth for a sample image and the predictions of all the models
in the table for the sample image.

16



(a) Ground truth (b) Model 1

(c) Model 2 (d) Model 3

(e) Model 4 (f) Model 5

(g) Model 6 (h) Model 7

Figure 14
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When all the results were analyzed, the best performing models were found to be
model number 6 YOLOv4-P5 and model number 7 YOLOv4-P6 from the YOLOv4-Large
models on which transfer learning was performed. The training graphs of these two models
are shown in 15.

(a) Model 6 (b) Model 7

Figure 15: Training Graphs

Looking at the graphs and results of these models, it is seen that there is not much dif-
ference between them. Due to the small difference between the performance of the models,
model number 6 YOLOv4-P5 was chosen as it works faster than model number 7 YOLOv4-
P6. 16 and 17 show the ground truth and the prediction of the YOLOv4-P5 model in a sample
image.

(a) Ground Truth (b) Prediction of Model 6

Figure 16
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(a) Ground Truth (b) Prediction of Model 6

Figure 17

When the predictions of the model were analyzed, it was seen that it detected live and
dead cells with high accuracy. However, the model had difficulty in detecting some clumped
and dead cells. Although clumped cells are usually detected correctly by the model, they can
sometimes be over or under counted. As can be seen in 16, the model correctly counted most
of the clumped cells, but the group of cells marked with a red arrow was overcounted by one
cell compared to the ground truth. Dead cells can be confused with blobs because they are
not as bright as live cells and their contrast with the background is low. In 17, the red arrow
marks a group of blobs that the model counted as cells.

The counting speed of the developed model was found to be 0.06 seconds for a
1280x900 resolution photo on the Tesla P100 GPU. Although the counting speed of a re-
searcher varies according to the number of cells in the photo, it is approximately 20 seconds.
The model developed in the study is 300 times faster than manual counting.

6 Conclusion and Discussion
A machine learning-based website and mobile application that detects live and dead cells

on the photographs, thus automating cell counting and providing time and convenience has
been developed. Apart from the developed work, various hardware and software solutions
have been found aiming to automate cell counting. Some of this hardware are automatic cell
counting machines. However, to use these machines, expensive and nonportable hardware is
needed. Apart from automatic counting machines, there are image processing software such
as ImageJ, ilastik, ImagePro, Metamorph, CellC and CellProfiler. However, image process-
ing software requires knowledge of image processing and experience with the application
to use this software. No application that enables automatic cell counting on mobile devices
has been found in the literature. In the first phase of this study, classical image processing
methods such as Otsu thresholding and watershed segmentation were tested for counting, but
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higher accuracy was achieved using machine learning compared to standard image process-
ing techniques. A web server was developed for users to easily access the trained machine
learning model. A website and a mobile application were written to access the web server.
To use the developed application, a device with internet access is sufficient and there is no
need to download additional software. The image processing codes run on the server, not
requiring any additional hardware. There is also no need for any prior knowledge or addi-
tional configuration to use the application. It is enough for users to upload their photos. The
developed application was observed to be more accessible and user-friendly than alternative
methods.

7 Suggestions
For the next phase of this study, it is aimed to expand the cell types that can be counted. It

is planned to train new machine learning models with photos of cells stained with different
dyes other than trypan blue. In addition, it is considered to train and incorporate differ-
ent machine learning models for evaluating electrophoresis images of nucleic acids (DNA,
RNA) and proteins, western blot images, and for quantitative analysis of bands in gels, into
the web server and mobile application. The system can be developed to include more than
one machine learning model and the photos can be pre-analyzed to find machine learning
model in the system will give the best performance. Thus, all cell counting can be performed
easily, cheaply and quickly on a single platform without the need for extra equipment.
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