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Abstract— Deep learning (DL) has been resurrected and has
been extensively used for a wide range of medical imaging jobs. It
has proven remarkably successful in many medical imaging
applications and has ushered in the era of artificial intelligence
(AI). However, there are unique challenges when using DL
techniques to medical imaging. This overview article outlines the
features of medical imaging, emphasizes the clinical and technical
challenges facing the industry, and explains how recent
advancements in DL are addressing these problems. We look at a
variety of topics, including interpretability, quantification of
uncertainty, federated learning, noisy and sparsely labeled data,
and network architecture.
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1. INTRODUCTION

ANN-Artificial neural networks are used in DL, a subfield
of Al to identify patterns in massive data sets, learn from them,
and then leverage them to make informed decisions and
predictions. A main benefit of DL lies in its capacity of
extracting the significant features from the unprocessed data
automatically, which has advanced numerous fields of Al
research. Deep learning is one of the most promising areas of
artificial intelligence research because of the substantial
breakthroughs it has produced in domains such as NLP- natural
language processing, CV- computer vision, and SR-speech
recognition through automated feature learning. [1]

The three main deep learning models are (a) supervised
learning (b) unsupervised learning and (c) reinforcement
learning. In supervised learning, input features and their
matching labels or outputs in paired data samples are combined
to train the computer. [2].

Training the model to predict the right outcome from a novel
input that it has never seen before is the aim of supervised
learning. In supervised learning, the model is frequently
optimized by minimizing a loss function that quantifies the
discrepancy between the ground truth labels and the expected
outputs. Numerous applications, such as audio recognition,
picture classification, and natural language processing, can
benefit from training on large labelled datasets. These
applications have made extensive use of this technique.
Unsupervised learning, on the other hand, does not require
labelled data; instead, the computer learns to recognize patterns
and relationships in the data. [3].
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A new model called reinforcement learning teaches the
machine by making mistakes and interacting with an
environment in which it is rewarded or punished for its
behavior. Deep learning is an effective tool for artificial
intelligence because it enables machines to learn and adapt to a
wide range of complicated issues through the use of several
deep learning paradigms.

II. CHARACTERISTICS OF MEDICAL IMAGING

In medical imaging, it is critical to be able to interpret and
explain the decisions made by a DL model. This is important
for patient safety and to build trust in the technology. Similarly,
in satellite imaging, it is important to be able to explain the
reasoning behind the classification or detection of objects on
the images. Medical images contain various modalities and
have high pixel density. With the development of new
modalities, such as spectral CT, there are now many different
imaging options available. Additionally, even traditional
imaging modalities now offer higher pixel or voxel resolution,
resulting in an increase in information density [5]. For instance,
clinical CT and MRI now have submillimetre spatial resolution,
and ultrasound has even better spatial resolution, with a
temporal resolution exceeding the real time imaging.

Medical images are typically taken in non-standard settings
and are often isolated from one another. The "distribution drift"
phenomenon is brought on by a lack of standardized acquisition
protocols, which leads to significant variation in scanning
settings and equipment, even with the abundance of medical
imaging data. In addition, the necessity for patient privacy and
the management of clinical data leads to the dispersion of
medical images across multiple hospitals and imaging centers,
which makes the existence of genuinely centralized opensource
medical big data quite rare.

Labels are typically absent or incorrectly placed within
medical imaging. Annotating, or labeling, medical images is
extremely costly and time consuming as a process. Given the
different needs of each task, the limited availability of labels is
a significant issue. Significant differences in intra- and
interuser labelling resulting from a variety of circumstances
and experience levels make the labels imprecise. Therefore, it
is still challenging to establish gold standards for image
labelling.

The samples vary and are not uniform: The appearance of
previously labelled images varies from sample to sample and
has a multimodal probability distribution. Furthermore, the



allocation of both the positive samples and negative samples
are significantly disproportionate. For an example, the count
of the pixels that represent the tumor condition will be one to
fewer in terms of magnitude while comparing with the normal
tissue.

Medical imaging involves a wide range of intricate and
diverse tasks, including (a) reconstruction, (b) enhancement,
(c) restoration, (d) classification, (e) detection, (f)
segmentation, and (g) registration. These goals are integrated
with the various picture modalities and types of diseases to
produce a significantly large number of extremely intricate
problems that require handling across numerous applications.

[6].

III. EVOLVING APPROACHES OF DEEP LEARNING

DNN-Deep Neural Networks possess a greater model
capacity and exhibit superior generalization -capabilities
compared to SNN-Shallow Neural Networks. When trained on
extensive annotated datasets for a specific task, deep models
outperform traditional algorithms and even human
performance.

VGGNet, Inception Net, and ResNet are examples of
deepening networks, a popular research field that started with
AlexNet. Using skip connections, as in DenseNet and U-Net,
makes training a deep network easier. U-net was originally
designed to handle segmentation, while the other networks
were developed for image classification. Deep supervision
enhances the capacity for discrimination.

To address the challenges posed by sparse and noisy labels,
it is essential to utilize efficient deep learning techniques that
take annotations into account. Consequently, a fundamental
concept is to harness the strength and resilience of feature
representation capabilities obtained from both existing models
and data, irrespective of whether they originate from the same
domain or a different one, and to customize such
representations for the particular task at hand. To achieve this,
numerous approaches have been proposed in the literature,
including TL, self-supervised learning, domain adaptation,
semi-supervised learning, and weakly or partially supervised
learning.

Information comes from a variety of sources, including
statistical limitations, imaging physics, task-specific details,
and different approaches to integrating it into a DL strategy.

In the battle against concerns about data-privacy, security,
and access rights, the capacity to learn a common, reliable
algorithmic model through distributed computing and model
aggregation techniques has grown in significance. This is
because it guarantees that no information is sent outside of an
imaging lab or hospital. Unlike traditional centralized learning,
which uploads all local data sets to a single server, this research
path is known as federated learning (FL). Federate learning
poses a number of current research difficulties, including
decreased communication load, data heterogeneity across
several local sites, and attack vulnerability.

The collection and analysis of evidence is a major factor in
clinical decision-making. Physicians find it difficult to trust the
prediction of the ML model when there is a lack of
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interpretation and evidence, particularly when it comes to
diagnosing diseases. Furthermore, interpretability serves as the
foundation for new information.

The excerpt describes how the model's prediction is
represented through a confidence measure, which functions as
a posthoc interpretability technique, although the uncertainty
measure is often derived concurrently with the model's
prediction. Emerging research evaluates uncertainty in DL
applications for the detection of lesion, the categorization of
chest X-ray diseases, the grading of diabetic retinopathy, and
the segmentation of medical images. Uncertainty can also be
extended by taking into account the fact that the labels are
noisy. Studies that consider label ambiguity in network
architecture modelling and training are already beginning to
appear.

IV. PROCEDURE USED IN MEDICAL IMAGE ANALYSIS

Even though it focuses on the computational analysis of
images rather than their collection, computation of medical
image is closely tied to the area of medical-imaging. The
methods can be divided into numerous overarching areas, such
as picture segmentation, image registration, physiological
modelling using photos, and more.

A. Image Registration

Medical image analysis techniques can be generally divided
into various categories, such as Registration, Localization,
Classification, Detection, and Segmentation. Among these
techniques, image registration is utilized for analytical
objectives [7]. Commonly referred to as image mapping,
fusion, or warping, image registration can be defined as a
technique for altering at least two images. The pursuit of the
ideal modification in image data is the core motivation behind
an image registration framework. With extensive applications
in the medical sector, image-registration is the procedure of
combining different image-datasets into a single, aligned
coordinate system with corresponding imaging content.

According to their techniques, features, and broad
applicability, deep learning-based methods for image
registration can be classified into seven categories: (a)
strategies based on reinforcement learning; (b) deep strategies
that rely on similarities; (c) methods for predicting supervised
changes; (d) methods for predicting unsupervised changes; (e)
generative adversarial networks in the registration of clinical
images; (f) deep learning used for validating registrations; and
(g) another strategy focused on learning.

B. Localization of Images

Various medical imaging research endeavors would require
localization for biological architectures as a basic prerequisite.
Generally speaking, there are numerous categories into which
medical image analysis techniques can be divided and Image
localization is one of these techniques. For the radiologist,
localization can be a simple process, but for neural networks, it
can often be a difficult task due to deviations in the medical
data images instigated by differences in pathology, structure,
and processes involved in image acquisition. The identification



of anatomic features is required for multiple tasks in medical
image processing.

C. Classification

An algorithm known as a classifier is one that gives the data
it receives a certain category. Model of classification will
predict the divisions and class labels of the new data. A feature
is an observable characteristic of a mechanism under
observation.

a) A classification task with two outcomes is called
binary classification. Classification as male or female is one
example of gender.

b)  Multi-class classification: This refers to the
categorization of more than two classes. In multi-class
classification, each data point is allocated to one specific target
category label. For example, an animal can be classified as
either a dog or a cat, but not simultaneously as both.

c¢)  The concept of multi-label classification pertains to a
classification issue where multiple data classes are involved,
and each item is designated to a collection of target labels. As
an illustration, a news report could simultaneously cover
subjects like games, a person, and a geographical area.

D. Segmentation

Assess the curvature of the organ or its internal interests to
facilitate a quantitative examination of volume concerning
shape and form, similar to the heart or brain. In general, deep
learning methodologies such as RNN-recurrent neural
networks, CNN-convolutional neural networks and FCNNfully
convolutional neural networks (fCNNs) are employed.

In numerous applications of computer-aided diagnostic
systems, the segmentation of medical images is of paramount
importance. The advancement of medical imaging techniques,
including microscopy, CT-computed tomography, dermoscopy,
MRI-magnetic resonance imaging, ultrasound, PET- positron
emission tomography, and X-rays, has resulted in the
implementation of innovative medical image processing
techniques. Medical image segmentation is the process that
automatically or semi-automatically identifies
threedimensional and or two-dimensional image data. The
process of dividing a digital image into several pixels is known
as picture segmentation. Making it more understandable and
making medical image representation a relevant topic is the
first goal of segmentation.

V. CHALLENGES

The technological issues that come up in various medical
occupations and fields have been carefully examined. In
general, the well-known data solutions can be improved
continuously to address most of these problems. The
community is consistently improving transfer learning
(TL)based solutions along with data augmentation strategies.
With the implementation of these systems in diverse hospitals,
countries, and data sets, a new range of issues is surfacing,
including the robustness of systems and their ability to
generalize across machines, acquisition methods, and hospitals.
Key areas for development now include data pre-processing,
continuous model learning, and cross-system fine-tuning.
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VI. CONCLUSION

A critical strategy currently being evaluated for future
progress is the integration of images with additional clinical
data, such as vital signs, blood tests, genetic information,
medications, patient histories, and non-imaging data (like
ECGs). At this stage, transitioning from image space to
patientlevel data will be more manageable.

To analyze drug interactions, adverse reactions, treatment
responses, and disease presentations, among other aspects,
statistical research at the population level will be supported by
cohorts. This requires the development of an advanced
infrastructure and the introduction of new security and privacy
regulations.

Cooperation between hospitals and global consortia, as well
as between hospitals and academic research teams, will be
crucial. As more data becomes accessible, deep learning (DL)
and artificial intelligence (AI) will facilitate unsupervised
investigations within the data, leading to innovative drug
discoveries and therapies that will enhance and evolve
healthcare.
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