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Abstract

Nowadays, Machine Learning (ML) is experiencing tremendous popularity
that has never been seen before. The operationalization of ML models is
governed by a set of concepts and methods referred to as Machine Learning
Operations (MLOps). Nevertheless, researchers, as well as professionals, often
focus more on the automation aspect and neglect the continuous deployment
and monitoring aspects of MLOps. As a result, there is a lack of continuous
learning through the flow of feedback from production to development, causing
unexpected model deterioration over time due to concept drifts, particularly
when dealing with scarce data. This work explores the complete application
of MLOps in the context of scarce data analysis. The paper proposes a new
holistic approach to enhance biomedical image analysis. Our method includes:
a fingerprinting process that enables selecting the best models, datasets, and
model development strategy relative to the image analysis task at hand; an auto-
mated model development stage; and a continuous deployment and monitoring
process to ensure continuous learning. For preliminary results, we perform a
proof of concept for fingerprinting in microscopic image datasets.
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1 Introduction

In the field of image analysis, Machine Learning (ML), particularly its subfield
Deep Learning (DL) is being explored to model complex problems such as
image registration, classification, segmentation, object detection and tracking
[1, 29]. In this context, the goal of ML is to build a model that generalizes
across different images for the same analysis task, for example, image seg-
mentation. Therefore, the research community focuses more on developing
new methods that achieve better performances and are computationally more
efficient [17]. While developing the ML model offline seems easy and cheap,
operationalizing the model, which means, deploying the model and maintain-
ing its performance over time, still faces numerous challenges [10]. Unlike
standard non ML-based software whose operations include building, testing,
deployment and monitoring, ML systems are more complex due to the two new
components model and data, and their direct, and generally challenging rela-
tionship. These systems are often a source of high technical debt when not op-
erationalized consequently [28]. Similarly to standard non ML-based software
whose lifecycle follows the Development and Operations (DevOps) scheme
[3], ML systems have their development and operation paradigm known as
Machine Learning Operations (MLOps)(see Section 2.1).

Nevertheless, as shown by the multitude of approaches developed [17], it is
very challenging to develop and operationalize one single model that gener-
alizes across different images for the same task. Many experts develop new
models for the same image analysis task when new input data is available. Due
to the time and cost expensiveness of this process, they often focus more on
developing the model and neglect the continuous monitoring and deployment
aspect [16], resulting in a lack of continuous learning through the flow of
feedback from production to development, and therefore to unexpected model
deterioration over time [28]. Additionally, the initial training data in this field
is often scarcity-prone in quantity and quality due to the tediousness of several
tasks such as image acquisition and image annotation requiring skilled and
expensive experts. This often leads to a dataset containing less relevant data
from the experiments and more noise.
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A potential solution is to create a production-oriented machine learning ap-
proach that harnesses the full range of available and well-established datasets
and models to improve the efficiency of image analysis across multiple tasks.
This will be the main research goal of our work. In our paper, MLOps for
sparse image analysis will be explored. We propose a long-term vision holistic
approach to enhance biomedical image analysis that includes: a fingerprinting
process that enables selecting the best models, datasets, and model develop-
ment strategy relative to the task at hand, therefore making use of available
models and datasets; an automated model development stage; and a continuous
deployment and monitoring process.

Our work is organized in the following manner. Section 2 explains the funda-
mental concepts related to our work and provides an overview of other related
works, and Section 3 details the proposed approach. In Section 4, the prelim-
inary experiments carried out during the investigations are described. Their
results are presented and discussed in Section 5. Section 6 summarizes our
investigation and outlines future research directions.

2 Background and Related Work

In this section, we provide fundamental notions around MLOps and other im-
portant fields related to our work. We also present state-of-the-art approaches
related to ours in general and regarding the different building blocks in partic-
ular.

2.1 MLOps

MLOps is a discipline that combines ML with software engineering paradigms
such as DevOps and data engineering to enable efficient deployment and op-
erationalization of ML systems [16, 30]. It can be seen to a certain extent as
DevOps for ML systems. The key differences and similarities between DevOps
and MLOps can be seen in Figure 1. On the one hand, both entail two main
concepts Continuous Integration and Continuous Deployment.
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Figure 1: DevOps vs. MLOps [12]. While DevOps entails applying the main concepts of
Continuous Integration (CI) and Continuous Deployment (CD) on code only, MLOps
has the two new components data and model, which are added to the code component.
Additionally, MLOps has a new concept named Continuous Training (CT).

• Continuous Integration (CI): consists in automatically building, testing
and validating source code.

• Continuous Deployment (CD): enables frequent release cycles by auto-
matically deploying the software in production. It distinguishes itself
from continuous delivery by automatizing the deployment process.

On the other hand, in addition to normal source code, ML systems bring two
new components: data and model, which are code-independent and therefore
maintained separately from the code. This leads to the creation of pipelines
to perform the complete processing. As a result, a novel concept specific
to MLOps named Continuous Training (CT) emerges, which involves auto-
matically retraining and serving the models. Furthermore, the CI and CD
concepts in MLOps differ from those in DevOps in that CI does not only
include integrating new code and components but also new data, models and
pipelines, and CD does not deploy a single software package, but a complete
ML training and/or serving pipeline. Additionally, continuous monitoring,
i.e., automatically monitoring the IT system to detect potential problems such
as compliance issues and security threads and address them, is extended in
MLOps by monitoring production data and model performance metrics. This
enables real-time understanding of model performances [32].
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Although MLOps is a relatively new field, important work and progress have
been made. While some researchers focus on properly defining MLOps and
providing an overview of its concepts and best practices [16, 30, 32], others
investigate the challenges faced in ML systems operationalization. Tamburri
highlights in [31] the limited attention given to MLOps within academia and
the lack of data engineering skills in academia as well as in industry. Renggli et
al.[25] and Granlund et al.[7] extend on this and show that one massive problem
in MLOps is data management. This is mostly due to the strong dependency
between model performance and data quality. The cloud architecture center of
Google proposes in [2] how to automate ML workflows. They classify MLOps
into three different levels: MLOps Level 0 that refers to classical ML pipelines
with no CI, no CD and manually operated workflows totally disconnected from
the ML system, MLOps Level 1 in which data validation, model validation,
continuous delivery and CT are introduced, and MLOps Level 2 where CI,
CT and continuous delivery are fully explored. They apply semi-automated
deployment in a pre-production environment and manual deployment in the
production environment.

Several MLOps tools have been developed. A non-exhaustive list of tools and
their features can be found in [16, 24, 30, 32]. There is no ideal tool, as each
tool covers different MLOps aspects. In practice, tools are often combined
to achieve maximal efficiency. However, the majority of tools focus on model
versioning and tracking and ignore dataset versioning. This impedes the ability
to reproduce results and renders it reliant on the coding practices of skilled
experts [36]. In industry particularly, due to IT-Software’s large and complex
nature, the MLOps tools are often diverse and must match a specific established
strategy.

Despite advancements in the MLOps domain, there are very few published
real-world use cases in which MLOps is clearly designed, explained and ap-
plied. One use case found is Oravizio [8], a medical software for evaluating
the risks associated with joint replacement surgeries. The researchers had
four different risk models from which the best was selected and deployed.
One issue they faced during development was related to data management,
due to the multitude of data formats they had to process. A second use case
is SemML [38] in which the researchers propose a ML-based system that
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leverages semantic technologies to enhance industrial condition monitoring
for electric resistance welding. Their workflow enables them to reuse and
enhance ML pipelines over time based on new input data. A third example
is microbeSEG [26], a DL-based tool for instance segmentation of objects.
The researchers automate several data management tasks and model building
processes. They, however, do not focus on monitoring and deployment.

We found two ongoing works connected to ours. Firstly, Friederich et al.explore
in [4] Artificial Intelligence (AI) to encode dynamic processes. They propose
a MLOps-based pipeline, in which active learning will be used to predict and
record potentially important events during experiments in light microscopy.
Secondly, Zárate et al.present K2E [36], a new approach to governing data and
models. They investigate MLOps environments for creating, versioning and
tracking datasets as well as models. They are still in the conceptualization step
and plan to build their platform by following the Infrastructure as Code (IaC)
paradigm. To the best of our knowledge, there is no MLOps approach similar
to ours, particularly in the field of biomedical image analysis.

2.2 AutoML and Meta-learning

Automated Machine Learning (AutoML) is the process of automating different
stages of the ML development cycle. These stages often include data prepro-
cessing, feature engineering, model training and model evaluation. AutoML
addresses problems such as Dynamic Algorithm Configuration (DAC), Hyper-
parameter Optimization (HPO), Combined Algorithms Selection and Hyper-
parameter Optimization (CASH) and Neural Architecture Search (NAS) [13].
Several researchers work towards building fully automated systems for their
applications. For example, Meisenbacher et al.explain in [18] how to achieve
AutoML for forecasting applications. They define five levels of automation for
designing and operating forecasting models.
Numerous tools have been developed, each addressing specific AutoML sub-
problems. The developed tools often log metadata such as hyperparameters
tried, pipelines configurations set, model evaluation results, learned weights
and network architectures. Based on these experiences and other dataset meta-
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data, a model is trained with the aim to adapt faster to new tasks [11]. This is
meta-learning, also known as learning to learn.

While it is clear that AutoML can be combined with MLOps to enable high
level automation in the ML development lifecycle [2, 30], exploring the out-
put of this combination for meta-learning seems not to be investigated. The
information acquired during the continuous monitoring stages appears not to
be widely researched in combination with AutoML or meta-learning.

2.3 Scarce Image Data

Scarce image data is a massive problem in ML. In the field of image analysis,
particularly in biomedicine, the acquisition and annotation of images must be
done by highly skilled experts, require a considerable amount of time and
resources, and are often error-prone [27]. As a result of these constraints, the
amount of image data present is either small in quantity, dominated by noise,
or small in quality, very weakly or not labeled. A lot of approaches have been
developed to address data scarcity. On the one hand, there are image processing
techniques to augment image data such as scaling, rotation and cropping. On
the other hand, DL methods such as Generative Adversarial Network (GAN)
[6] and Variational Autoencoder (VAE) [14] are used to generate synthetic
images. These DL approaches often use Self-Supervised Learning (SSL) to
understand better how data points are sampled [22]. We notice however that
these solutions often focus more on image classification tasks.

2.4 Image Fingerprinting

Fingerprinting is used in image processing to generate concise and distinct
representations of images. It is useful for diverse objectives such as image
retrieval, copyright protection, or image similarity analysis. We focus on image
fingerprinting to measure the similarity between images and/or datasets.

Ranging from simple pixel distribution methods [21] to DL approaches [15],
there are numerous methods to compute similarity between images. Godau
and Maier-Hein present in [5] an image fingerprinting approach that consists
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of embedding images along with their labels in a fixed-length vector in order
to capture semantic similarities in biomedical image datasets. Molina-Moreno
et al.[22] build an autoencoder (AE), train this using SSL and obtain a two-
dimensional latent space in which the disposal of image datasets displays their
similarity. Such similarity measures enable researchers to apply transfer learn-
ing for their respective tasks. This is often achieved by selecting suitable pre-
trained models and/or datasets for a new task based on the similarity measure
obtained. Nevertheless, most state-of-the-art methods compute this similarity
on a dataset level or on an image level and do not investigate the computation
on an image patch level.

To fill the observed gaps in the context of image analysis, we propose a new
approach, which is fully described in the following section.

3 Methodology

This section describes the proposed methodology to address the different prob-
lems identified and mentioned in Section 1 and Section 2. We first provide
a global description of the system and subsequently delve into its individual
building blocks.

3.1 Overview of the proposed approach

Figure 2 shows a conceptual architecture of our method. The main enter-
ing point is a scientist bringing a new image analysis task modeled as the
triple(I,A,Ta), where I represents the image dataset, A the performance analy-
sis metric, e.g., F1-Score, and Ta the task, e.g., image classification. At a time
t, the performance metric At can be computed as defined in Equation (1), in
which mt represents the current model, It the current image dataset and YMD,t

the metadata relative to It . The following stages of our approach attempt to find
the best model m∗ defined through Equation (2).

At = mt(Ta, It ,YMD,t)m∈M (1)
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Figure 2: Abstract architecture of the proposed MLOps-based image analysis approach. The
turquoise arrows indicate exchanges with the data database D and the brown arrows
exchanges with the model database M. The black arrows model the information flow
between different building boxes of the system and the dashed lines feedback from
production to development and to the scientist. The orange box represents the input
provided by the scientist. The red boxes are the meta-learning system that handles
dataset and algorithm selection. The yellow boxes display the AutoML pipeline. The
green boxes represent the continuous deployment and monitoring stage for production.

m∗(t) = argmax
m∈M

(At) (2)

3.2 Image Similarity

At t = 0, the newly provided problem is initialized and registered in the image
database D. The initial image dataset I0 along with the task Ta, the performance
analysis metric A0 set to −∞ and other metadata YMD,0 such as dataset ver-
sion, classes, data distribution, fingerprints, known performances of available
models for the same task Ta, etc. build an entry in D. In order to discover
images similar to I0, its fingerprints fi(I0) are subsequently computed, saved
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and compared to those already present in D through a latent space embedding
built in advance. This embedding will be periodically retrained to verify that
the performance meets expectations continuously.

As emphasized in [5, 22], with such fingerprints, deploying new ML models for
biomedical applications can be seed up by selecting appropriate pre-training
models. Furthermore, this could solve scarcity issues by finding appropriate
images for image augmentation on the one hand and for pre-training on the
other hand.

3.3 Model Development Strategy

Inspired by early attempts in [35] and [37], the model development strategy
aims to leverage the concept of meta-learning for scarce data. Given the tuple
(I,A,Ta), the metadata YMD acquired during the registration phase and the com-
puted fingerprints fi(I), the goal is to find the top k(k ≥ 1) cheapest and effi-
cient model developing approaches. These approaches include both model and
dataset and could range from model selection together with potential weights
and development strategy, i.e., fine-tuning, retraining, to dataset selection or
conception on the fly. Dataset conception in this context involves selecting the
closest images to I in D and using these as training data.

The reason we envision using not only fi(I) is to minimize error propagation
when fingerprinting is inaccurate. In this case, the meta-learner will solely rely
on the metadata YMD.

3.4 Automatic Model Development

This stage is a direct application of the strategy established previously. It per-
forms AutoML according to the strategy defined. Although AutoML is more
computationally expensive than normal ML techniques, it is more efficient
and faster in producing the best-trained model [2, 20]. It can be combined to
MLOps to improve a project’s automation level, therefore reducing the pipeline
configurations overhead. For example, in a retraining process or new training,
it could help solve the HPO problem faster at time t.
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All development runs, including failing approaches, will be tracked and recorded
in the model database M. They would serve as input data for the meta-learner
in the previous stage and may help identify flaws in the data or in the whole
system. The best model m∗ is sent in the last stage.

3.5 Continuous Deployment and Monitoring

The best model developed m∗ is continuously deployed as a service and mon-
itored during production. On the one side, we envision a deployment frame-
work fulfilling fundamental requirements such as independency towards the
ML Framework, rapid maintenance, accessibility, and parallel computing. De-
spite the existence of numerous deployment frameworks, we will focus on
Representational State Transfer (REST) frameworks such as DEEPaaS [?] and
EasyMLServe [23]. On the other side, the performance metric At as well
as defined metrics by the scientist will be continuously monitored over time
and reported. This monitoring will be particularly investigated, as it could
help identify potential concept drift and decrease in performances, and act
accordingly by triggering the complete framework from the start.

The high information reuse, which will be investigated in this work, will serve
the purpose of exploiting available feedback and enabling transfer learning.
Our approach will mostly be done using the Python programming language,
due to its rich ecosystem of data science libraries and its expansive and highly
engaged user community. We also plan to apply containerization with Docker
[19] and its microservices, as it guarantees platform independency and enforces
reproducibility.

4 Preliminary Experiments

This section describes the current state of the investigation. The experiments
performed mainly focus on the first stage of our approach described in Section
3 which consists in building a latent space embedding in which image data
can be represented along with their similarities. To this end, we build an
autoencoder whose architecture will be depicted in Section 4.1, and evaluate
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Figure 3: Autoencoder. The encoder is based on the ResNet18 architecture, the latent space
representation is a two-dimensional space, and the decoder entails stack transpose
convolutional layers.

it on biomedical image datasets presented in Section 4.2. Our implementation
can be found in [33].

4.1 Autoencoder

An autoencoder is a special type of neural network that takes an input x, trans-
forms it in a compressed and informative representation xae and reconstructs
the initial input based on xae. The goal is to find an encoding function f :
x 7→ xae, and a decoding function, g : xae 7→ x̂ such that the difference between
the reconstructed input x̂ and the initial input x is minimal. This difference is
measured by a loss L : min f ,g L(x,g( f (x))). The goal is to obtain a powerful
representation xae that can be used for various tasks.

The architecture of our autoencoder can be seen in Figure 3. Our encoder
is a vanilla (standard) ResNet18 [9] based neural network. The final fully
connected layer is replaced by a linear layer mapping the 512 feature channels
vector to a two-dimensional vector. Because we are more interested in xae, we
build a simple decoder that entails five stacked convolutional transpose layers.
We choose the Mean Squared Error (MSE) as loss function that computes
the difference between the original input image and the reconstructed output
image, and Adam as optimizer.
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BloodMNIST BreastMNIST ChestMNIST DermaMNIST OctMNIST OrganaMNIST

OrgancMNIST OrgansMNISTPathMNISTPneumoniaMNISTRetinaMNIST TissueMNIST

Figure 4: MedMNIST v2 2D datasets

4.2 Datasets

To evaluate our autoencoder, we select all the 2D image datasets of the MedM-
NIST v2 [34] dataset, a benchmark dataset for 2D and 3D biomedical image
classification. The 12 selected datasets can be found in Figure 4. They consist
of eight gray-scale image datasets (BreastMNIST, ChestMNIST, OctMNIST,
OrganaMNIST, OrgancMNIST, OrgansMNIST, PneumoniaMNIST and Tis-
sueMNIST) and four color image datasets (BloodMNIST, DermaMNIST, Reti-
naMNIST and PathMNIST). The autoencoder is trained, validated and tested
on the respective datasets splits. All the images are processed as 3× 32× 32
images. For our architecture to be usable on all these datasets, the gray-scale
images were loaded and processed as three-channel images.

5 Results and Discussions

We present in this section the results of the experiments performed in the
previous section and discuss these.

Figure 5 shows the latent space representation of N = 10000 test samples
collected from the 12 2D image datasets presented in the previous section. We
notice that the color image datasets BloodMNIST, DermaMNIST and PathM-
NIST build a cluster at the top left. This is most likely due to the close
distribution of the pixel values of the respective images. These color image
datasets are, however dissimilar to the color image dataset RetinaMNIST, in
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Figure 5: Latent space representation of the MedMNIST v2 2D datasets (test sets)

which the images of the retina all have a black contour. The OrganaMNIST,
OrgancMNIST and OrgansMNIST datasets are mixed and almost not differ-
entiable, leading to a non-identification of particular structures in the latent
space. This is because all three datasets have images of the same organ taken
on different views. In OrganaMNIST, the images are acquired on an axial view,
in OrgancMNIST in a coronal, and in OrgansMNIST in a sagittal view. Nev-
ertheless, all three datasets have multiple outliers that may hinder the model in
positioning new incoming images.

A better view of the latent space is provided in Figure 6, in which the mean
of all embedding vectors of the test images are computed for each dataset.
We notice four main clusters. The first cluster entails the three-channel im-
age datasets BloodMNIST, DermaMNIST and PathMNIST, the second cluster
in which OrganaMNIST, OrgancMNIST and OrgansMNIST are very close,
as well as PneumoniaMNIST and ChestMNIST. The third cluster consists of
BreastMNIST and RetinaMNIST, and the final cluster of TissueMNIST and
OctMNIST.

This autoencoder shows a promising ability to capture similarities between im-
ages. Despite being in the early stages of our investigation, we strongly believe
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Figure 6: Mean value latent space representation of the MedMNIST v2 2D datasets (test sets)

that this approach to solving the image similarity question is encouraging and
could be fine-tuned to identify specific structures in image crops.

6 Conclusion and Future Work

In this paper, we presented a new approach to improve biomedical image anal-
ysis. Our approach aimed to apply MLOps to image analysis tasks, particularly
when the image dataset is scarce. To achieve this goal, we presented a multi-
stage framework that leverages the existence of models and benchmark datasets
to solve a given task. The first stage enables us to find image datasets similar
to the images of the given task. The second stage applies meta-learning to
select the best model development strategy for the given task. This strategy
is executed via the third stage of AutoML. The final stage deploys the best-
trained model and monitors the model’s performance continuously to achieve
optimal performance.

The preliminary experiments carried out in this paper mostly focused on the
first stage, which consists in computing image fingerprints to identify similar
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datasets. We built a ResNet18-based autoencoder and showed that the result-
ing 2D latent space representation is interpretable enough to find similarities
between images. We, however, faced some challenges when the images are all
from the same object but taken from different angles and focused only on 2D
image datasets.

Our future research will, therefore, focus on extending the image fingerprint-
ing process to 3D image datasets and even to the level of image patches and
improving the representation of different artifacts. Understanding the image
at this granularity level would enable us to generate data or labels to solve the
data scarcity problem. We also plan to investigate the effects of outliers, as they
may highly impact the similarity measurements. Finally, we will continue our
research on the other stages of the proposed approach, including meta-learning
for biomedical image analysis, AutoML and efficient model deployment and
monitoring.
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