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Abstract: The usage of classic segmentation methods has drastically decreased recently.
Implementation of convolutional neural networks and their modifications leads to significantly
improved results. With the help of U-net, you can perform automatic segmentation. However, this
requires significantly more hardware and software resources. The use of cloud computing now
provides a wide range of possibilities, which allows processing and sharing the obtained experience
and results to improve the quality of diagnosis. This article presents an approach to implementing
MLOPS for automatic image segmentation using U-net technology. The approach’s key feature is
the developed software block that allows the creation of a dataset based on given rules. The
infrastructure also supports automatically deploying the necessary environment on the cloud,
particularly on DigitalOcean.
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1. Introduction

Infrastructure components for machine learning require mechanisms to manage and control
data. This is due to the fact that artificial intelligence technologies provide reliable results, but require
significant resources to operate. This applies to hardware, software, cloud systems and mechanisms
of integration and configuration of the necessary software on cloud services. It is permissible to use
ordinary personal computers to solve local problems of classification, segmentation, etc. Given the
complexity of developing systems with elements of artificial intelligence, there was a need for MLOps
- engineers. MLOps technology is the link between software developers and the engineering team.

The field of architecture development for automatic segmentation based on machine learning
currently consists of numerous individual partial solutions. But there are practically no solutions for
the full life cycle of the project. In addition, many solutions are customized and not adapted for
running in cloud environments. The correct approach to infrastructure construction should provide
for the possibility of “deployment” of the necessary environment on most cloud providers. The main
components of the environment are the necessary libraries, models, and datasets for automatic
segmentation.

Creating a dataset is a crucial step in developing any classification system and automatic data
segmentation. Therefore, focusing attention on the development of a unified approach for forming
the structure of image files is an urgent task, which will allow to increase in the number of images for
processing. To standardize dataset formation processes, it was developed a dedicated software
module for creating dataset rules. This module enables the modification of existing datasets to fit the
required template.

To develop real projects, it is necessary to use cluster and cloud technologies. Therefore, the
development of mechanisms for building an infrastructure for automatic segmentation of images
based on U-net networks is an urgent task.
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The main goal of this article is the formation of a mechanism for the development, training and
supervision of neural network models for automatic segmentation of immunohistochemical images.
The development of a unified approach to the formation of infrastructure will allow researchers to
devote more time to the development of neural network architectures, and not to setting up the
necessary environment.

The main contributions of the authors in this work can be summarized as follows:

e  The life cycle of the process for automatically segmenting biomedical images was developed
using a combination of DevOps approaches and elements of machine learning. The developed
life cycle will include the “Infrastructure as code” approach and a block for forming a dataset of
original images and masks.

e A software module was developed for forming requirements for the dataset for further
automatic segmentation based on convolutional neural networks. The software module is
implemented in the form of a web application that generates the result in JSON - a format for
convenient use in any system.

e  The terraform file structure was developed for deploying the project on cloud platforms based
on the IaC approach. Additionally, the project deployment process is described, taking into
account the need to create a separate space for the dataset.

¢  Continuous integration and delivery of code using CI/CD and creation of project code versions,
which will allow automating the process of automatic segmentation of biomedical images, have
been implemented.

e  Testing of the developed software module was carried out.

The article is organized as follows: Section 2 presents the relevance of this research and describes
the tasks addressed in this work; Section 3 provides an analysis of existing solutions and a
comparative analysis based on the most common criteria for solving the posed tasks; Section 4
outlines the developed lifecycle of the automatic segmentation process; Section 5 explains the
principle of dataset formation for the automatic segmentation task; Section 6 demonstrates the project
infrastructure and examples of the proposed configuration files; Section 7 presents a comparative
analysis of the proposed approach; and the concluding section provides the conclusions of the article.

2. Statement of the Research Problem

The purpose of the article is to develop a mechanism for creating an environment for launching
projects based on the U-net approach, which will include the following stages:

e  configuration of hardware parameters in the form of a script using the IaaC approach;

e  formation of rules for creating the necessary dataset structure for U-net networks;

e  creation of a pipeline for the implementation of automatic segmentation using machine learning
libraries, models, and necessary components;

e implementation of continuous integration and code delivery by means of CI/CD and creation of
project code versions.

3. Analysis of Existing Solutions and Previous Studies

Most existing solutions for building neural network models are not free, as the learning process
requires a large amount of hardware resources. A comparative analysis of systems for the use of
artificial intelligence [1] is given in the Table 1.

Nyckel’s software system processes images and text and provides access to machine learning
APIs. The Ximilar software system focuses on the development of systems with computer vision
elements, has a set of existing models and allows you to develop your own. Roboflow specializes in
computer vision. This system allows to customize the process of learning and training the model for
your own needs. The Hasty software system offers a large number of libraries for searching objects
in images and provides a convenient interface for configuring the learning process. The AWS
Rekognition Custom Labels software system provides mechanisms for using elements of artificial
intelligence in various tasks, in particular, finding objects in an image. This system has a large set of
auxiliary resources in the form of video presentations. In [2], the authors proposed a workflow for
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image classification using convolutional neural networks. The authors also offer a strategy and some
872 insights into choosing the optimal CNN hyperparameters. In the article [3], the authors propose
a workflow of acquisition of biomedical image data, analysis, storage, processing automatic diagnosis
of biomedical images. In the article [4], the authors present a workflow for the classification of 5 types
of white blood cells based on a convolutional neural network for real-time image sorting. In work [5],
the authors presented a tool for processing biomedical images based on elements of machine learning.
The elements of the developed tool include segmentation and object detection. The disadvantages of
the work are that the authors do not detail the pipeline and elements of continuous integration of the
code. The classification of histological images, divided into 4 classes, is given in [6]. The authors
provide a list of the main elements of the image processing process and tools for building
classification architectures. Approaches to the classification of images of breast cancer are given in
works [7-9]. The works also consider the use of the Spark framework for working with Big Data and
for speeding up image processing. In [10], a hybrid Computer-Aided Diagnosis (CAD) model based
on Digital X-ray Mammograms is proposed. Features of the development and use of convolutional
neural network models for processing biomedical images are given in works [11-15]. The analysis of
the main functions of MLOps is considered in works [16,17]. End-to-end MLOps architecture and
workflow are given in [18]. The main tools used by the MLOps engineer are discussed in [19,20].
MLOps analysis of biomedical image processing approaches is given in the article [21].

Table 1. Comparative analysis of systems for the use of artificial intelligence.

Image Image Semantic Object Image  Segmentatio
Software system g . . . .
classification tagging image search detection regression n
Nyckel [22] + + + + + -
Ximilar [23] + + + + + -
Roboflow [24] + + - + -
Hasty [25] - + - + -
Levity [26] + - - - -
Google Vertex Al [27] + + + + - -
AWS Rekognition Custom
+ + - + - +

Labels [28]

4. General Approaches

When developing a pipeline for Machine Learning - programs, you need to take into account the
available resources (hardware and cloud). In the case of training models for automatic image
segmentation, it is necessary to have sufficient computing resources. When creating a pipeline, it is
necessary to create a list of processes that are used in the work. For example, in order to implement
automatic segmentation, it is necessary to provide for the process of data preparation, formation of
original images and corresponding masks, operation of Unet - network, selection of hyperparameters
such as the number of epochs, batch size, etc. An equally important process is the visualization of the
obtained results for further evaluation. The organization of teamwork requires a careful selection of
tools for pipeline implementation. The main tools are containerization tools, approaches to
implementing the infrastructure as code mechanism, CI/CD tools, such as Github CI/CD, etc. For
automatic segmentation, need to consider frameworks for working with data and Unet networks.

The life cycle of automatic image segmentation is shown in Figure 1.

Formation of a dataset is one of the most important stages when working with big data. The
main task in the formation of the dataset is the distribution of the sample into test and training in
accordance with the rules for the formation of directories.
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Figure 1. Life cycle of automatic image segmentation.

The “Data labeling” stage involves the process of labeling the file names with certain keywords,
for example “_mask”. Taking into account the features of automatic segmentation, it is necessary to
divide the sample into original images and mask images.

In most cases, the tasks of classification and segmentation of images in large volumes require
special hardware: processor, RAM, GPU, etc. To run the functionality of the program, it is also
necessary to create additional frameworks, libraries, etc. Therefore, using a regular PC for this type
of task is impractical. Manual configuration of a hardware environment or cloud system takes a lot
of time and requires the necessary knowledge.

The mechanism of continuous integration and continuous code delivery is a convenient
mechanism for updating software code versions on cloud systems, which allows for maximum
automation of the process of code delivery and deployment on the server.

The stage of development of the convolutional network architecture of the U-net type is
important, which forms the rules of the neural network. The process of selecting parameters for U-
net training is one of the longest.

The neural network training process is the most time-consuming and requires a lot of resources,
including CPU time, RAM, etc.

After all the analyzed stages, there is the stage of introducing the final neural network in
production to work with the test sample and new images.

5. Materials & Methods

5.1. Formation of the Dataset

Machine learning requires the availability of both software tools for the implementation of a
specific task and the availability of a prepared dataset. Dataset preparation depends on the task at
hand. For example, for the task of classification, the sample is usually divided into training and test
in the form of separate directories in the file system. For the task of implementing automatic
segmentation of images based on U-net networks, it is necessary to take into account such an
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additional factor as “images - masks”. Currently, there are a large number of datasets in open access,
but their files are formed in a different manner, which implies the need for their additional
processing. An example of immunohistochemical images for automatic segmentation is shown in
Figure 2.

. A
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” A Yo f g‘.
(a)

Figure 2. Example of immunohistochemical images. (a) Original; (b) Mask.

The criteria for forming a dataset for the task of automatic segmentation are as follows:

e  image size;

° color model;

. directory structure;

e  keywords in the file name.

In order to unify the dataset, in this work, a separate software module was developed for the
formation of dataset rules, which will allow reworking existing datasets according to the required
template. The formation of a unified template will speed up the learning process and expand the
training sample, which will improve the accuracy and quality of the automatic segmentation software
module. The software module’s graphic interface for creating dataset requirements is displayed in
Figure 3.

Dataset Parameters Configuration

You can choose parameters for your dataset for Further processing. With the help of this site, you can choose the
sizes, color model, storage format of images and masks in the dataset

512 X 512

Image type
JPG
PNG
BMP

Color models
RGB
GRAYSCALE
BINARY

@D "Separate directories for original images and masks "
Original images and masks in the same directory (example1.png, example1_mask.png)

Keyword to display mask image (for example, _mask) I

_mask

| Generate settings ‘

Figure 3. The software module’s graphic interface.

A feature of this software module is the ability to set the color model of images of training and
test samples. The color model allows you to store information about the image, as well as highlight
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the objects under study and the background. Detailed color information helps machine learning
algorithms more accurately recognize and distinguish different micro-objects in images.

The aspect ratio of the input image is an important aspect that affects the quality of data
processing, classification, and segmentation. Uniform size improves quality and facilitates the
learning process. Images that are too small can lose detail, while images that are too large can be
computationally expensive. Another important factor is that different neural network architectures
work with predefined image sizes. Therefore, the ability to select parameters for the dataset greatly
simplifies the learning process. Image size can affect the distribution of classes and proportions of
objects in the image. For example, when reducing the size, the proportions of objects can change, this
can affect the quality of segmentation.

The result the dataset parameters formation is a JSON file (Figure 4), which can be further used
in the program module, which will allow the formation of the necessary directory structure.

{
_token: "rglldnCHgUurOffm7patT4IyT37LKIdC80WMLHI4",

height: "512",

width: "512",

image_type: "2",
color_model: "1",
separate_file format: "on",
description: " mask”

Figure 4. JSON file with dataset parameters.

This is only a set of parameters for the dataset, and image processing is directly assigned to a
separate software module.

The purpose of data unification is to improve the quality of data, which allows to reduce the
number of errors. A unified structure simplifies data processing processes such as cleaning,
normalization and transformation. A critical advantage of unified data is the reproducibility of
research results. This is especially important at the stage of development of any system. Standardized
data is easier to scale and adapt to new tasks and requirements. The unification of the structure of
datasets is a key factor for increasing the efficiency and reliability of machine learning processes.

5.2. Project Infrastructure

Artificial intelligence allows you to solve many problems and significantly improves the quality
of computational experiments. But the price of this is the need for a large number of resources and
their diversity. The most important elements to pay attention to when conducting computational
experiments are:

. operating System;
e  programming language;
e  libraries and dependencies between them.

Manually creating a set of instructions for deploying the required computing environment is a
deprecated mechanism.

A modern approach is to use the Infrastructure as Code mechanism, that is, to describe the
necessary parameters and dependencies in the form of code for further deployment on the cloud.
This approach and the Terraform tool are also used in our development. An example of the code part
of the main file main.tf for deploying the digitalocean cloud environment is shown on Figure 5.
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resource "digitalocean droplet" "unet" {
ssh keys = [
digitalocean ssh key.default.fingerprint
]

image = "ubuntu-20-04-x64"
name = " unet "

region = "nycl"”

size = "g-1lvcpu-lgb"

user data = file("unet app.yaml")

connection {
host = self.ipv4 address
user = "root"
type = "ssh"
private key = file("tf-digitalocean")
timeout = "2m"
}
provisioner "remote-exec" {
inline = [
"export PATH=S$PATH:/usr/bin",
f install nginx
"sudo apt-get update",
"sudo mkdir experiments",
"sudo cd experiments",
"sudo unzip https:
//zenodo.org/record/7890874/files/histological images.zip?download=1",
"sudo git clone https://github.com/olehpitsun/Pytorch-UNet.git"

Figure 5. Example of main.tf file.

In this case, the dataset set of biomedical images, in particular immunohistochemical, is placed
on the Zenodo service [29]. However, the use of this particular resource is not a mandatory
requirement, and it is possible to use any other resources.

The distribution of the main.tf components file is shown in the Figure 6.

SN

provider (digitalocean)

resource (ubuntu,

remote-exec (run command)

| )
" e
| il
[ J

Figure 6. The distribution of the main.tf components.

In the “provider” section, the provider is indicated, in our case it is digitalocean. Providers in
Terraform act as abstractions for various cloud platforms (e.g., AWS, Google Cloud, Azure) as well
as for other services (e.g., GitHub, Kubernetes). It is also possible to work with several providers or
with different accounts of the same provider.

The “token, keys” section is responsible for storing tokens and ssh keys for connecting to the
cloud. Typically, this section is used to provide the credentials and authentication required to access
various cloud services and providers.

The “resource” section is responsible for storing information about the operating system on
which the project will be hosted. Resources can be diverse, including virtual machines, databases,
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network components, user accounts. Description of infrastructure as code (IaC) makes it easy to
manage configurations. Terraform automatically calculates the dependency graph and ensures that
resources are created and deleted in the correct order.

The “remote-exec” section stores a set of commands that should be executed automatically when
a droplet is created: downloading a dataset, software code, individual programs, etc. The remote-
exec section of Terraform configurations is used to execute commands on remote machines after the
resource has been created. It is part of the provisioner block, which allows you to perform actions on
resources during their creation, update or deletion.

The project deployment process for automatic segmentation is shown in Figure 7.

Create environment Load Dataset
prepare
dataset
ubuntu original
python mask Create model based on architecture
tensorflow images

Figure 7. Project deployment process.

The CI/CD mechanism ensures continuous code delivery and continuous code integration on
the server. An example of a GitHub action is shown in Figure 8. Mechanisms for implementing CI
are the code repository, and CI is the server. The main concepts of CI are frequent integrations,
automated tests, project assembly. The primary goal of CI is to ensure continuous integration of
developers’ code into a shared repository with automated testing at every step. The purpose of CD
is to prepare code for deployment to a production environment after passing automated tests, often
with manual approval.

& Build & Deploy
@ unet classification v1.4 #62

|ﬁ| Summary
deploy
Jobs o
deploy -
I © deploy v @ Setupjob
Run details Current runner
@ \ » Operating
-eage » Runner Image
&Y Waorkflow file » Runner Image Provisi

» GITHUB_TOKEN P

Secret sour

Prepare workflow directory

Prepare all required actions

Getting action download info

Download action repository "acti heckout@v3' (SHA:c85c95e3d7251135ab7dc9ce3241c5835cc595a9)

Complete job name: deploy
Deploy Unet

Post Deploy Unet

Complete job

Figure 8. GitHub action example.
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GitHub Actions is an automation tool built into GitHub that allows you to configure, create, and
execute various workflows directly from your repository. Workflows are YAML files located in the
.github/workflows directory.

This mechanism is necessary in order not to transfer the new version of the project code
manually, but to do it automatically. After creating a new commit in the main branch, the project
code is delivered to the cloud.

6. Results

Roboflow is characterized by a wider functionality for the development and formation of a
dataset in comparison with analogues. Hasty.ai has a wide range of functionality, including
segmentation and labeling. AWS Rekognition Custom Labels uses AWS’s own Lambda tool for
machine learning.

Comparative analysis of the developed system with advantages and disadvantages among
known analogues (Table 1) is given in Table 2.

Table 2. Comparative analysis of the developed system with its advantages and disadvantages
among known analogues.

Advantages Disadvantages

A web interface has been developed for setting image
parameters in a convenient format. Parameters are
stored in JSON format for API access.
Functionality for marking the name of mask images has
been developed.

Developed a “lightweight” configuration file for starting
infrastructure based on terraform technology.

The emphasis is on automatic segmentation with the
help of U-net technology.

Absence of a graphical web interface at all stages of
development

Lack of multi-functionality, only segmentation available

As a result of running the software module, the dataset’s directory structure is initially generated
(see Figure 9).

Figure 9. Directory structure for the dataset.

The results of image segmentation are shown in Figure 10.
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Figure 10. Results of image segmentation. (a) Original; (b) U-net segmentation result.

Masks serve as labels for model training. The network learns to compare its predictions with the
masks and adjust the weights to reduce the difference between the predictions and the actual labels.
Image - masks can be formed in the following ways: manual annotation (experts manually annotate
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the image, highlighting the contours of objects), semi-automatic methods, automatic methods (using
segmentation algorithms to automatically create masks).

U-Net is able to accurately segment objects of various shapes and sizes thanks to the use of
masks, which allows taking into account complex contours and boundaries of objects. The presence
of masks allows you to use methods of automatic selection of model parameters, such as cross-
validation, to achieve better segmentation accuracy.

To obtain information about the nuclei of the studied cells, threshold segmentation is
additionally used to create a binary image. After that, the quantitative and qualitative characteristics
of micro-objects can be determined for further analysis.

Automating the processes of deploying models into the production environment ensures fast
and seamless integration of new or updated models. MLOps lets you build and deploy machine
learning models faster, more efficiently, and more reliably. This is achieved by automating routine
processes, ensuring continuous integration and deployment, monitoring model performance,
supporting scalability and improving collaboration between teams.

7. Conclusions

At present, the number of software systems using artificial intelligence has sharply increased.
The field of biomedical research actively employs neural networks for tasks such as classification and
segmentation. However, the process of setting up the development environment is complex and
labor-intensive, requiring the technical expertise of DevOps engineers.

The approach developed in the article helps to quickly organize the necessary environment for
implementing programs for automatic segmentation of immunohistochemical images using modern
libraries. This work presents the development of a lifecycle process for the automatic segmentation
of biomedical images. The developed lifecycle is based on the “Infrastructure as Code” approach. A
distinctive feature of this approach is the block for creating a dataset of original images and masks.
The lifecycle for implementing automatic segmentation combines DevOps approaches with elements
of machine learning.

A web application module has been developed to define dataset requirements, generating
results in JSON format for convenient use in any systems. A “lightweight” configuration file has also
been created to launch the infrastructure based on Terraform technology. The advantage of the
developed system is that it is oriented towards the process of automatic segmentation using U-net.
At the same time, the image processing and dataset formation stages for segmentation tasks clearly
distinguish this system from others.

Thus, the developed mechanisms allow for the acceleration, standardization, and optimization
of the software setup process for implementing automatic image segmentation using machine
learning elements. The use of such a unified approach improves the quality of the development
process and enables the reproducibility of experiments on various cloud platforms.
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