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Abstract 
In recent years, with advances in computational power and the integration of Artificial Intelligence (AI) into healthcare 

systems, medical image processing (MIP) has seen significant benefits through the application of deep learning (DL) 

techniques. This application has made complex tasks, such as segmentation, classification, and reconstruction, more feasible, 

explainable, and automated across clinically diverse imaging modalities. However, with these benefits also come challenges 

in uniquely aligning DL solutions with the consistent constraints of these medical imaging modalities. To provide a 

comprehensive insight into these challenges, this study critically examines deep learning challenges across four key medical 

imaging modalities: MRI, CT, ultrasound, and histopathology. Their diversity in acquisition, resolution and annotation 

techniques makes them suitable for this consideration. X-ray imaging is excluded from this study due to its lower spatial 

complexity and standardised acquisition pipeline. Furthermore, this study examines modality-specific challenges in standard 

DL-based solutions across Convolutional Neural Networks (CNNs), Generative Adversarial Networks (GANs), transformers, 

and hybrid systems, and highlights their cross-cutting issues and intersection with the challenges seen in these images. 

Previous reviews often overlook the significant interactions between DL-based solution design and medical imaging 

characteristics. By highlighting these challenges, this study helps guide the design of stronger, more practical DL-based 

solutions that can make medical image processing more reliable and useful in real healthcare settings. 

 

Keywords: Imaging Challenges, Medical Image Processing, Medical Image Analysis, Deep Learning, Ultrasound, CT, MRI, 
X-Ray. 

 

I. INTRODUCTION 
 

Medical imaging remains a cornerstone of clinical 

diagnosis and investigation, offering pixel-based 

representations that encode rich anatomical and 

pathological information. Modalities such as Magnetic 

Resonance Imaging (MRI), Computed Tomography (CT), 

Positron Emission Tomography (PET), and Ultrasound 

Imaging (UI) provide diverse visualisations of internal 

structures, supporting tasks ranging from organ-level 

assessment to cellular-level pathology. These imaging 

techniques underpin critical workflows in nuclear 

medicine, cross-sectional organ analysis, and soft tissue 

evaluation, forming the basis for diagnosis, treatment 

planning, and longitudinal monitoring. Medical Image 

Processing (MIP) encompasses a suite of computational 

techniques for enhancing and interpreting these visual 

datasets. Core tasks include preprocessing (For instance, 
noise reduction, artefact removal, resolution 

enhancement), segmentation of anatomical or pathological 

regions, feature extraction for diagnostic insight, and 

classification. Additionally, it includes reconstruction, 

such as 2D/3D MRI reconstruction for diagnosis [1, 2], as 

well as surgical planning and simulation [3, 4]. These 

processes enable early disease detection, quantitative 

analysis, and personalised care, ultimately improving 

diagnostic accuracy and accessibility. 

 

Recent advances in Artificial Intelligence (AI), 

particularly Deep Learning (DL), a subfield of Machine 

Learning (ML), have transformed MIP by automating 

complex tasks such as organ segmentation, image 

classification, and synthetic data augmentation. DL 

architectures range from convolutional networks and 

generative models to transformers and physics-informed 

frameworks, each offering unique capabilities. However, 

the rapid pace of innovation presents challenges for 
researchers entering the field, especially in identifying 
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gaps and evaluating model suitability across clinical 

contexts. This study aims to critically examine the 

limitations and failure modes of DL models in MIP, with 

a particular focus on modality-specific challenges and 

model-specific constraints. By foregrounding the technical 

bottlenecks and clinical implications of these limitations, 

this study aims to provide a comprehensive understanding 

of how imaging characteristics interact with model design 

and, subsequently, the feasibility of deployment. This 

approach is justified by the growing need for a systematic 

evaluation of DL performance beyond benchmark scores 

and isolated reviews, especially in real-world settings 

where data scarcity, noise from acquisition as well as 

annotation, and domain shift, which often causes a 

problem due to distribution mismatch, in cases where the 

data source may be extremely limited, are prevalent. 

 

While several recent reviews have contributed 

valuable insights into the application of DL in MIP, 

notable gaps remain in their treatment of modality-specific 

constraints and model-specific limitations. For instance, 

Ref [5] examined the use of vision transformers across 

disease contexts, such as brain tumours and diabetic 

retinopathy; however, their analysis lacked depth in the 

range of modality considerations, multi-device 

interpretation, and cross-cutting interactions, which are 

essential for assessing generalizability and deployment 

issues. Similarly, Ref [6] provided a technically detailed 

account of predictive imaging models for early diagnosis. 

However, they did not engage with comparative critical 

analysis across imaging modalities on their interactions 

with these models, thereby limiting the scope of their 

evaluation. Ref [7] focused on the role of grand challenges 

in advancing AI for radiology, offering a valuable 

overview of competition frameworks. However, their 

study did not sufficiently address the longitudinal clinical 

impact of these models. It did not critically assess the 

model-specific constraints and biases that may arise in 

multimodal systems. Furthermore, Ref [8, 9] focused on 

specific imaging modalities. However, they [8, 9] offered 

minimal discussion of DL architectures and the dataset 

constraints that critically impact model performance. 

These omissions emphasise the need for a more 

comprehensive and critical synthesis that explicitly 

examines how imaging characteristics and model design 

interact to produce limitations in accuracy, interpretability, 

and clinical utility, an aim this study seeks to fulfil. 

 

Section 2 provides the study’s contributions. Section 

3 discusses modality-specific challenges and highlights 

their potential impact in MIP. Section 4 presents common 

DL architectures and examines their constraints in MIP. 

Section 5 provides interactions and cross-cutting issues 

between modality constraints and models’ architectural 

challenges. The final section concludes this study, 

providing overall insights and laying the foundation for 

future research. 

 
 

 

 

 

II. CONTRIBUTIONS 
 

 The Contributions of this Study are Outlined Below: 
 

 It provides a comprehensive analysis of the interactions 

between modality-specific imaging and model-specific 

limitations across DL- based models. When compared 

with previous reviews, which usually treat modalities 

and models in isolation. This isolation makes these 

previous reviews inadequate for practical 

implementation decisions in a clinical context. 

 It integrates cross-cutting challenges between 

modalities and model-specific constraints, which are 

often discussed separately and mostly not in relation to 

each other. By examining how these issues compound 

across both imaging modalities and model 

architectures, the study provides a more comprehensive 

resource to help mitigate deployment barriers. 

 

This study aims to provide researchers with more 

precise guidance for designing robust and generalisable AI 

systems. 

 

III. MODALITY-SPECIFIC CHALLENGES 

 

Medical imaging modalities (MIMs) differ 

significantly in their physical principles, acquisition 

protocols, and use in targeted clinical applications. 

However, these differences introduce complications that 

may negatively affect the quality, consistency, and 

interpretability of the data used in DL pipelines. Therefore, 

there is a need for a comprehensive understanding of these 

modality-specific limitations, which is essential for 

selecting appropriate DL architectures. This section 

presents key challenges across popular MIM with the aim 

of revealing relevant insights into their challenges. 

 

 Magnetic Resonance Imaging 
MRI is widely used to visualise soft tissues, 

especially in neurological, musculoskeletal, and 

cardiovascular applications. It is a non-invasive modality 

and valuable for many clinical applications. However, 

MRI presents significant challenges for DL pipelines due 

to inherent acquisition constraints, which Ref [10] has 

suggested are complex and may lack a definitive solution. 

The issue of motion artefacts is a serious challenge, which 

usually results from the complex interplay among the 

image’s pixel structure, subject motion, the k-space 

acquisition method, and reconstruction algorithms. MRI is 

extremely sensitive to involuntary subject motion. This is 

due to the long exposure times required for clinical 

imaging examinations. This sensitivity is due to factors 

such as involuntary patient movement and diaphragmatic 

breathing. These movements can severely reduce image 

quality and result in blurred anatomical boundaries.  This 

is because, unlike conventional photographic image 

acquisition, which occurs in pixel space, MRI acquisition 

occurs in K-space, which is based on frequency (Fourier) 
space [11]. K-space is a grid in which each point 

corresponds to a different spatial frequency rather than a 

location, with low-frequency information centred and 

high-frequency information situated on the edges [11]. The 
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K-space grid can be 2D or multidimensional and can be 

populated using sampling algorithms, such as the popular 

Cartesian sampling method [12]. These subject motions 

can be categorised into bulk motion and elastic motion. 

Bulk motion, which can be 1D or multi-dimensional 

translation, while the elastic motion is mainly rotations 

requiring 12 degrees of freedom, such as stretching 

movements [13]. These Motion artefacts are problematic 

because they cause blurring, signal loss, and contrast 

inconsistencies in the resulting image. These negatively 

impact image quality, leading to poor extraction of salient 

features by the DL pipeline. Poor feature extraction raises 

concerns about the reliability and accuracy of MIP 

techniques [14, 15]. Additionally, there is the issue of a 

low signal-to-noise ratio (SNR), particularly in fast-

imaging protocols or low-field MRI systems, as noted by 

Ref [16]. This low SNR is characterised by a grainy 

appearance in the reconstructed image, making feature 

extraction difficult. In this case, the actual signal is 

obscured by random background noise. This results in 

images of lower clinical utility. Common causes of this 

background noise include low-field MRI systems, smaller 

voxel sizes, insufficient averaging, and physiological noise 

[16]. Low SNR reduces contrast between tissues and 

obscures subtle pathological features, complicating feature 

extraction and classification tasks [17]. 

 

Tackling these limitations requires advanced, 

targeted preprocessing strategies, such as motion 

correction and denoising algorithms. Followed by 

selecting appropriate DL architectures that can adapt to 

complex imaging constraints and can learn discriminative 

features during learning. Preventing the subject motion is 

the obvious solution to avoid the motion artefact problem 

entirely, but this is not practically possible; hence, 

techniques for correction and mitigation are current 

research interests aimed at improving MRI quality before 

it is used to train DL models. The basic idea behind all 

these methods is to undo the motion-related changes in the 

images, which makes post-processing, such as learning 

representations, complex. According to current literature, 

these methods can be classified into non-DL and DL-based 

approaches. Non-DL usually includes clinical intervention 

such as sedation, using mock MRI, intentional holding of 

breathing and the use of a vacuum immobiliser. Non-DL 

may also involve techniques such as radial FLASH (Fast 

Low-Angle Shot), a variant of a large family of fast 

gradient-echo methods [18, 19, 20], as well as parallel 

imaging to reduce acquisition times. However, increasing 

the acquisition speed may be a viable solution, enabled by 

advances in computing power and acceleration hardware. 

This could result in shorter exposure times and, 

consequently, shorter acquisition times, less subject 

motion, and improved image resolution. On the other 

hand, while considering this accelerated imaging, certain 

essential biological constraints which can be seen as 

limiting factors have to be also considered, such as specific 

absorption rate (SAR) limiting the use of Radiofrequency 
(RF) excitation pulse, rotation times as it relate to the 

sequence repetition and echo time to achieve the requested 

contrast to prevent patient heating, and subject rotation 

time which affect the image's contrast and SNR. These 

factors are critical because they can hinder the quality and 

safety of faster imaging. Hence, there is a need to balance 

acquisition speed with image quality and subject safety. 

DL methods have also been explored, including Principal 

Component Analysis (PCA) [21], high-order value 

decomposition recursive algorithms [22], conditional 

GAN [23], Convolutional Neural Network (CNN)-based 

variants [23, 24], cross-guided bilateral filters [25], and 

residual learning strategy [26]. A notable example is the 

work of Ref [27], which proposed a hybrid approach to 

correct motion artefacts in MRI by combining DL with 

compressed sensing (CS). Using 8,710 axial T2-weighted 

slices from 67 cases in the public IXI dataset, they trained 

a Convolutional Neural Network (CNN) to filter motion-

corrupted images and identify affected phase-encoding 

(PE) lines in k-space. Then, the final reconstructed image 

was obtained after applying CS on the unaffected PE lines. 

The results showed that images with more than 35% 

unaffected PE lines, when processed with their method, 

achieved peak signal-to-noise ratios (PSNR) of 36.13-

41.51. Also, with a structural similarity index (SSIM) of 

0.950-0.979. This significantly outperforms CS alone and 

indicates better image quality in the presence of motion 

corruption. However, even though these achievements 

were realised, their method [27] relied on simulated 

motion, a limited modality scope, and a retrospective 

design. This further highlights the persistent difficulty of 

generalising motion correction strategies to real-world 

clinical MRI. The unpredictable subject movement and 

diverse imaging constraints pose unresolved challenges. 

See a sample of an MRI below in Figure 1. 

 

 
Fig 1 T2-Weighted Turbo Spin Echo (TSE) MRI Images 

Illustrating Motion Artefacts and Low SNR. The Image 

on the Left, Acquired with a Repetition Time (TR) of 

2200 Milliseconds, Echo Time (TE) of 103 Milliseconds, 

and Echo Train Length (ETL) of 21, shows General 

Blurring Due to Irregular Respiratory Motion. The Image 

on the Right Demonstrates Ghosting Artefacts Caused by 

Periodic Breathing Patterns [28]. 

 

As further described by Ref [28], motion artefacts 

and low SNR can significantly affect the quality and 

interpretability of MRI data, especially in DL workflows 

where image fidelity is critical. For instance, random 

respiratory motion typically causes general blurring, while 

periodic breathing introduces ghosting artefacts that may 

obscure anatomical boundaries. Furthermore, apart from 

motion-related distortions, several other artefact types can 
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negatively impact image quality. Truncation artefacts 

appear as alternating bright and dark lines near sharp 

intensity transitions.  These truncation artefacts are mainly 

problematic in brain and spine MRI, where they may 

mimic pathological features. Similarly, aliasing occurs 

when anatomical structures outside the field of view 

(FOV) are incorrectly mapped due to signal overlap, 

leading to misleading spatial representations. There are 

also artefacts arising from magnetic interactions due to 

microscopic variations in magnetic field strength. This can 

be seen at tissue interfaces and distorts signal intensity and 

spatial accuracy. Artefacts that manifest as focal signal 

anomalies at the image centre, often surrounded by 

concentric ringing, are known as central-point artefacts. 

Finally, phase encoding artefacts exhibit as linear noise 

with alternating pixel intensities along the encoding 

direction. These artefacts interfere with feature extraction 

and representation learning in DL models and workflows. 

 

 Computed Tomography 
CT is a widely adopted imaging modality known for 

its high spatial resolution and rapid acquisition, making it 

indispensable in emergency diagnostics, oncology, and 

cardiovascular imaging.  CT has revolutionised the 

acquisition of regular X-ray-based medical imaging. CT 

imaging provides adequate 3D imaging, which has good 

applications in certain specialised areas such as breast 

cancer detection using traditional radiologist and trained 

mammographer intervention to check for the presence of 

lymphadenopathy, architectural distortion, skin 

thickening, and microcalcifications [29], and more 

recently using DL to learn representations from CT 

imaging for breast cancer detection [30]. However, CT 

imaging presents a critical trade-off between radiation 

dose and image quality. It is agreeable to say that there is 

a trade-off between image quality and optimising radiation 

dose.  Lowering the radiation dose is essential for patient 

safety, particularly in paediatric imaging and repeated 

follow-up scans. However, it often results in increased 

image noise and reduced contrast, which can obscure 

anatomical boundaries and pathological features [31]. CT 

imaging exhibits lower spatial resolution, making it 

challenging to detect microcalcifications using 

computational methods. This lower spatial resolution 

negatively impacts the performance of DL models, which 

are typically trained on high-dose, high-quality datasets 

and may struggle to generalise to low-dose scenarios. 

Conventional segmentation models such as nnU-Net have 

shown significant performance drops when applied to 

ultra-low-dose CT imaging [31]. In addition to dose-

related challenges, CT segmentation is complicated by 

anatomical ambiguity and overlapping tissue densities. 

Organs with similar attenuation values, such as liver and 

spleen, or tumour margins adjacent to vasculature, can be 

challenging to discriminate accurately, even with 

advanced DL models [32]. Figure 2 below shows CT 

images at low and high doses with respect to image quality. 

 

 
Fig 2 Low-Dose (Left) and High-Dose (Right) Scans of 

the Right Renal Calculus [33]. 

 

As shown in Figure 2, a higher dose yields better 

image quality; however, the trade-off problem remains. 

Finding a standard trade-off revalue is practically 

impossible, as supported by a study by Ref [34], which 

concluded that a clinically accepted lowest image 

acquisition dose level is task-dependent and cannot be 

standardised to a single value, as their experiments showed 

that 72.8 mAs was a safe dose when acquiring low-contrast 

objects. At the same time, 12.2 mAs was sufficient for 

visualising high-contrast objects.  To enhance 

understanding of this image quality problem, Ref. [35] 

discussed various physics-based techniques, including the 

contrast-to-noise (CNR) ratio, region-of-interest (ROI)-

based noise measurement, and SNR. These metrics 

provide quantifiable insights into image fidelity and 

diagnostic reliability, enabling an objective assessment of 

noise characteristics and contrast performance across 

different imaging protocols, as the dose-image quality 

trade-off is task-dependent. Furthermore, this low spatial 

resolution can be broadly categorised into blurring and 

ambiguity, as well as noise and artefacts. CT imaging at 

low resolution can blur functional anatomical structures, 

leading to uncertainty in learning decision boundaries 

when viewed in MIP, as highly pixelated regions can 

hinder the identification of an optimal relationship 

between the input and the desired outcome. However, 

denoising [35] and super-resolution [36] have been 

proposed and are being applied to improve the quality of 

these CT images. This comes at a cost of increased 

computational complexity and potential inadequacies, 

such as a lack of salient details in the processed image.  It 

can be acknowledged that there are risks of automation 

bias and over-segmentation, which also pose clinical 

concerns, especially in radiotherapy planning and surgical 

navigation, where precision is crucial. Addressing these 

limitations specific to the CT imaging modalities requires 

not only architectural innovations but also robust image 

quality assurance frameworks and uncertainty 

quantification techniques to ensure the safe and reliable 

deployment of these systems. 
 

 Ultrasound Imaging 
With medical imaging for diagnostics becoming 

more widely available, one of the most widely used 
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modalities is ultrasound. It is less expensive, more 

compact and portable. It can provide real-time visual 

monitoring of internal organs and other parts of the human 

body, making it widely adopted in clinical settings. 

Consequently, it has become a significant source of data 

for MIP to improve patient treatment outcomes. 

Applications of MIP with UI have seen tremendous 

innovations in the diagnosis and early detection of 

abnormalities. However, this application of MIP using DL 

comes with unique challenges arising from the 

characteristics of the UI modalities, rather than the MIP 

technique itself. 

 

A common challenge is low image quality due to 

speckle noise. This noise exhibits itself as a granular 

interference pattern resulting from the constructive and 

destructive interference of ultrasound waves. This 

interference is based on the physics of wave propagation 

in biological tissues. This interference results in the final 

image having lower resolution than natural images. 

Furthermore, issues such as motion blur and the previously 

mentioned low spatial resolution of the UI negatively 

affect the anatomical boundaries. This negative impact 

reduces the readability of the boundaries in the images, 

making diagnostics challenging, and is further worsened 

by the low-contrast regions. When the DL in the UI is 

considered during MIP, it complicates feature extraction 

and impairs efficient learning of salient features [37]. 

Furthermore, another major problem with the UI modality 

is the variability in image quality and varied representation 

across different acquisition equipment [38, 39], which has 

become a significant problem for human-based 

interpretation and DL based solutions, as the level of 

degradation caused by the scattering of the ultrasound 

signals depends on the construction algorithm and the 

acquisition equipment.  A previous study used datasets 

from two popular vendors of UI acquisition equipment 

(GE Healthcare and Philips Healthcare) to examine how 

imaging quality varies across vendor configurations [40]. 

Though they [40] provided valuable insights into vendor-

specific imaging characteristics, the diversity in pixel-

level interactions and their relationship to image quality 

across different vendor equipment was not adequately 

discussed. This raises a crucial question: how can we 

design DL-based solutions for MIP that generalise across 

the variability of different vendors’ acquisition devices? 

This current study aims to provide a critical understanding 

of how these UI imaging constraints interact with DL 

modelling challenges.  Figure 3 below shows different UI 

from varying acquisition devices. 

 

 
Fig 3 Four-Chamber Heart Ultrasound Images (Panels A–

F) Taken from the Tip View show Differences in Quality 

Under Various Recording Conditions. Changes in 

Brightness, Tissue Visibility, and Clarity are Caused by 

how the Machine Processes Images and by how the 

Operator Performs the Scan [41]. 

 

As seen in Figure 3, poor image quality in several 

panels, including signal dropout and artefacts, highlights 

challenge for both clinical interpretation and DL 

reliability, emphasising the need for standardised 

acquisition and robust preprocessing. The variability in 

ultrasound images exacerbated by acquisition noise poses 

significant challenges for both clinical practitioners and 

DL researchers. Conventionally, due to limitations in 

learning only in the spatial domain, most DL models are 

inefficient at learning discriminative features from UI 

images containing anatomical structures, further worsened 

by varied imaging equipment acquisition. This 

complication may be related to the different proprietary 

signal-processing algorithms used to construct final UI 

images from ultrasound signals. These learning 

inefficiencies reduce the final model’s generalisation 

ability when deployed in real-world scenarios. On the 

other hand, clinical practitioners may encounter diagnostic 

and interpretive errors when faced with this same problem 

if an unanticipated switch occurs between imaging 

systems. This switch can affect appearance and routine 

diagnostic expectations. Variability can lead to a domain 

shift and an adaptation gap, as the distributions of the 

training and real-world data may differ when the model is 

deployed. 

 

To address the need for a solution, various methods 

for improving ultrasound image quality have been 

proposed in the literature. This will be categorised as a 

non-DL and DL-based approach. The non-DL approach 
primarily focuses on key factors, including environmental 

settings for capture, selection of the manufacturer and 

acquisition equipment, and significant moving parts such 

as the transducer. The environmental settings for the 
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capture approach are to ensure there are no other devices 

or medical equipment that can interfere with ultrasound 

signals during acquisition, such as MRI scanners, due to 

their metallic components and strong magnetic and 

radiofrequency fields, especially when simultaneous 

imaging is considered [42, 43]. The transducer concern 

relates to a thorough physical examination of this 

extension to ensure any observed irregularities are 

resolved, as these can lead to significant issues with 

ultrasound signals due to physical damage, cable 

problems, wear and tear, or manufacturing defects [44]. 

The selection of the manufacturer and the acquisition 

device plays a crucial role in shaping ultrasound image 

quality, as each device integrates the manufacturer’s 

proprietary transducer designs and signal-processing 

algorithms that influence image resolution, contrast, and 

anatomical fidelity. These factors are critical to both 

clinical interpretation and AI model performance. 

However, these non-DL approaches are all subjective, as 

multiple factors contribute to the final ultrasound image’s 

quality, such as clinical operator expertise, subject motion, 

body type, and the complexity of the clinical examination.  

On the other hand, DL approaches for UI enhancement 

encompass a diverse set of techniques, including adaptive 

residual learning-based denoising filters [45], CNN 

variants enhanced with attention mechanisms and skip 

connections typically evaluated using metrics such as 

structural similarity index (SSIM) and peak SNR [46], as 

well as super-resolution methods [47]. While these 

methods show promising results in controlled 

experimental settings, they often overlook critical 

challenges such as domain shift and acquisition-induced 

image variability. Specifically, differences in imaging 

protocols, equipment manufacturers, and signal-

processing pipelines can lead to substantial variations in 

image characteristics, which are often overlooked during 

model training and evaluation. This gap limits the 

generalizability and clinical reliability of DL-based 

enhancement techniques across diverse real-world 

scenarios. 

 

 Histopathology Imaging 

With the rise of computational methods and the 

evolution of wholesale digital scanners, digital 

histopathological imaging has been widely adopted. 

Histopathology imaging plays a critical role in disease 

diagnosis and prognosis by enabling microscopic 

examination of tissue samples. In digital pathology, these 

samples are scanned to produce high-resolution whole-

slide images (WSIs), often at a gigapixel scale. However, 

certain constraints in this modality negatively affect the 

application of MIP techniques, and a significant challenge 

is the high data density and ultra-high resolution in 

histopathological imaging, which pose significant 

computational and analytical challenges [48]. In terms of 

size, WSIs often exceed conventional gigabyte thresholds. 

This strains storage resources, requiring much more 

complex patch extraction to isolate regions. These regions 
are selected based on their relevance to diagnostic needs. 

Furthermore, there is a problem of high cost; the 

annotation burden is high. This is because experts are 

usually needed when   labelling at the cellular level. There 

is also a high incidence of outliers, and rare abnormalities 

may behave as outliers. This can negatively affect the 

training of DL-based solutions if not correctly managed. 

For instance, in a fair comparison, a sample UI has around 

300,000-800,000 pixels.  CT and MRI imaging modalities 

can have between 6 million and 80 million pixels, 

depending on resolution and slice count. However, when 

WSIs are captured at 40× magnification, the expected 

output can get up to 10 billion pixels per slide. This 

massive number of pixels places a significant burden on 

storage infrastructure, expert labelling, and the 

experimental definition of outliers. All this makes 

modelling DL-based solutions for MIP a very complex and 

resource-intensive process. 

 

Compared with other radiological imaging 

modalities, WSIs must be reduced to smaller tiles for 

analysis. This dimension reduction, though, reduces 

computing requirements; it can also affect the original 

spatial arrangements, potentially biasing feature 

aggregation. Moreover, the signal-to-noise ratio in WSIs 

is often low [48], with subtle diagnostic patterns embedded 

in vast regions of irrelevant tissue, complicating model 

generalisation and can be used to quantify image fidelity 

loss in the presence of compression artefacts [49]. Stain 

variability is a significant challenge in histopathological 

imaging, arising from differences in tissue preparation, 

staining protocols, and scanner hardware. Hematoxylin 

and Eosin (H&E) staining is the most common technique 

for morphological assessment [50]. Different laboratories 

often use different techniques, and this is even more 

common within batches [51]. This causes variation and 

inconsistencies in the colour distribution of the resulting 

images. The consequence of this for DL modelling is poor 

generalisation due to dependence on pixel-to-pixel 

interactions [52]. It is then important to agree that this issue 

of staining variability must be addressed through 

normalisation or domain adaptation strategies. Figure 4 

presents H&E-stained adipose tissue across multiple 

magnifications. 

 

 
Fig 4 H&E‑Stained Adipose Tissue at Varying 

Magnifications (a–f), Showing Cellular Detail, Contrast 

Differences, and Variability from Sample Preparation and 

Scanner Settings [53]. 
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Figure 4 is a visual representation of cellular-level 

granularity and staining contrast consistent with those of 

WSIs. This reinforces the key modality-specific 

constraints discussed above. The high resolution required 

to capture such detail contributes directly to the gigapixel 

scale of WSIs, intensifying computational demands and 

complicating patch-level annotation. Variations in stain 

intensity and tissue morphology, as seen across panels, 

further highlight the challenge of stain variability and the 

need for robust normalisation strategies to ensure model 

generalisation across datasets. 

 

To overcome the compounded challenges of 

gigapixel-scale resolution, stain variability, and low 

signal-to-noise ratios in histopathological imaging, DL 

must be tailored to the modality’s unique constraints. 

Patch-based CNNs remain foundational, but their 

effectiveness depends on robust sampling strategies and 

context-preserving aggregation methods, as seen in tissue 

classification in Ref [54], where aggregate patch-level 

predictions on classification of glioma and non-small-cell 

lung carcinoma cases into subtypes and Ref [55], based on 

a multi-patch-based deep convolutional auto-encoder 

(DCAE) framework combined with a VGG19 pretrained 

model. Attention mechanisms and multiple instance 

learning (MIL) methods have recently shown promise in 

mitigating spatial fragmentation and localisation of 

disease-positive regions [56]. To address stain variability, 

domain adaptation techniques such as adversarial training 

and style transfer [57], alongside deep stain normalisation 

models, help reduce colour-induced domain shift while 

preserving diagnostic fidelity, using methods such as 

spectral normalisation and gradient penalty [58]. Despite 

these advances, generalisation across institutions remains 

limited, motivating the need for multi-source training, 

stain-invariant feature learning, and benchmarking on 

diverse datasets. Continued progress will require not only 

architectural innovation but also standardised pipelines 

and collaborative efforts to ensure reproducibility and 

clinical relevance. 

 

IV. MODEL-SPECIFIC CHALLENGES 

 

DL-based solutions has shown remarkable 

capabilities in MIP, with each architecture built with 

varying numbers of layers and architectural adjustments to 

improve feature learning, such as attention mechanisms. 

However, these DL-based solutions come with their own 

distinct challenges that affect their reliability and 

deployment in vital healthcare systems. This section 

examines the constraints of three major DL architectures: 

CNNs, Generative Adversarial Networks (GANs), and 

Transformers. 

 

 Convolutional Neural Networks 
CNNs' ability to understand translation invariance 

and pixel-pixel interactions has made them a foundational 

component of recent DL-based architectures. These 
characteristics make it well-suited for tasks such as 

segmentation, classification, and detection. A significant 

limitation of CNNs is their ability to understand spatial 

representations, mainly when image orientation differs 

between the validation and training sets. Furthermore, this 

spatial representation learning is mainly localised, leading 

to their inability to capture sufficient representation from 

global context and long-range dependencies, as also 

promoted by translation-invariant pooling layers. This 

localisation limitation can lead to information loss, 

negatively affecting MIP tasks that benefit from outlining 

boundaries, such as segmentation. Difficulty in 

understanding the global context of the entire image makes 

it hard to know whether there is a potential relationship 

between different parts, which may be helpful for the 

intended task.  Furthermore, the interrelated challenges of 

high data requirements, computational complexity, and the 

need for more data remain, as deeper networks require 

more data. Hence, there is a significant model-specific 

challenge for CNNs in the medical domain, where large 

amounts of data are often unavailable and annotated data 

is scarce. This has made CNNs prone to overfitting, 

especially when trained on small or noisy datasets [59]. 

Overfitting manifests as high performance on training data 

but poor generalisation to unseen clinical cases, often 

exacerbated by domain shifts across institutions or 

imaging protocols [60]. Another critical limitation is the 

lack of interpretability. CNNs are seen as black-box 

models, making it challenging to map decision pathways 

in sufficient detail and to validate final predictions against 

human-based clinical reasoning critically. Though 

saliency feature maps and Grad-CAM visualisations offer 

some insights, there are issues with consistency, clinical 

understanding and relevance. This opacity limits trust in 

automated systems, especially in critical applications such 

as cancer diagnosis or surgical planning, where 

explainability is essential for regulatory approval and 

clinician adoption. Moreover, CNNs are sensitive to 

artefacts and acquisition noise, as discussed in Section 3. 

For instance, motion artefacts in MRI or speckle noise in 

ultrasound can distort convolutional feature maps, leading 

to misclassification or segmentation errors. Attempts to 

mitigate these effects through data augmentation or 

adversarial training have shown promise but remain 

limited by the diversity and realism of synthetic artefacts 

[1]. When these limitations are examined in the context of 

MIP for CNNs, they reveal issues of interpretability due to 

the stacked layers with multiple non-linear 

transformations, which can be described as having a 

blackbox nature. 

 

There are data-related challenges with privacy issues, 

regulations, and the cost of annotation of medical datasets, 

which is a huge problem, and the high dependence on 

localised features makes this a significant barrier in 

clinical settings, when a global and broader concept of the 

image is required, while still presenting a computational 

cost problem. 

 

With ongoing research, different proposed methods 

has been developed to mitigate these limitations of CNNs, 

such as transfer learning using pre-trained models to tackle 
the data scarcity issue, feature weighting and attention 

mechanism to improve interpretability, few shot learning 

to adapt to extremely small dataset, and more advanced 

unsupervised learning techniques to tackle the high cost 
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and resources of data annotation by training on large 

unlabelled data.  However, each of these proposed 

solutions comes with its own unique challenges, such as 

architectural complexity in transfer learning, memory cost, 

attention bias and sensitivity to small objects and complex 

backgrounds. Redundant feature maps are observed in the 

application of attention mechanisms, and, lastly, 

generalisation limitations in few-shot learning methods. 

Hence, it's pivotal to consider all the limiting factors in 

parallel when proposing solutions for CNNs, to ensure an 

adequate trade-off is reached based on which evaluation 

metric is more important to the intended task, as well as 

the availability of computational resources. 

 

 Generative Adversarial Networks (GANs) 

GANs have gained traction in MIP for tasks such as 

image synthesis, denoising, and domain adaptation. Their 

ability to generate realistic images from limited data makes 

them attractive for augmenting training datasets and 

simulating rare pathologies. GANs’ limitations can be 

categorised into model stability issues, data and 

architectural challenges and unreliability in generative 

decision. 

 

Regarding stability, during GAN training, using two 

competing networks can lead to instability and collapse, 

especially when the generators output only a few images 

and the dataset lacks feature representation. Because of 

instability, convergence becomes a problem, especially 

when the discriminator improves performance and there is 

no relevant gradient information for the generator to learn 

from. This leads the model to collapse, resulting in limited 

diversity and failing to capture the full distribution of 

anatomical or pathological variations [61, 62]. This is 

particularly problematic in MIP, where subtle differences 

in lesion morphology or tissue texture can be 

diagnostically significant. 

 

The data and architectural challenges include the 

high computational needs of GANs, very deep layers, and 

sometimes multiple branches to capture salient features. 

However, this becomes a problem because it is time-

consuming in the medical domain, where resources are 

limited. Additionally, the need for a large dataset remains 

a criterion for GANs to perform well. Architectural 

complexity is seen as expensive, and hyperparameter 

tuning is needed, especially for sensitive ones, such as the 

learning rate. Without an adequate dataset and a well-

suited architecture, GANs can generate hallucinated 

features, synthetic artefacts that do not align with real 

anatomical structures. These features can mislead 

interconnected models or end-user clinicians, especially 

when GAN outputs are used for training or clinical 

decision support. Studies have shown that GAN-generated 

images may exhibit unrealistic textures and boundary 

inconsistencies; hence, compromising diagnostic fidelity 

[63, 64]. Training GANs is also notably unstable, requiring 

specialised tuning of loss functions, learning rates, and the 
architectural trade-off between the generator and the 

discriminator. In clinical contexts, this instability 

translates to unpredictable performance and difficulty in 

benchmarking, limiting the reproducibility and regulatory 

acceptance of GAN-based systems. 

 

The difficulty in understanding how GANs generate 

medical images makes their reliance and reliability in MIP 

and clinical settings a significant problem, exacerbated by 

unreliable evaluation metrics. However, different 

solutions have been proposed, such as post-processing 

image analysis to improve image quality, a pretrained 

model and transfer learning to address the need for a large 

dataset, and extensive architectural adjustments and 

modifications to lower parameter counts, including loss 

function redefinition. However, these proposed solutions 

have further increased complexity and worsened 

interpretability in MIP and clinical applications, without a 

significant reduction in computational cost. 

 

 Transformers 

Transformers have increasingly emerged as 

alternatives to CNN due to the need to focus on more 

meaningful parts of images and to understand long-range 

dependencies. The self-attention mechanism in 

transformers enables them to capture relationships across 

disparate regions of an input image. These relationships 

are then weighted and computed across the neural 

network, allowing it to focus on these regions.  This 

computation mimics aspects of the physiological signal 

processing of the human brain. They were originally 

developed for natural language processing but have now 

been extended into computer vision and MIP. Some of 

these variants include Vision Transformers and Swin 

Transformers. These variants have been evaluated for MIP 

and have shown performance in segmentation and 

classification tasks as seen in retinal imaging applications 

[65, 66]. However, computing these self-attention weights 

often results in quadratic complexity, especially when 

processing high-resolution images. Consequently, there is 

the burden of high computational needs.  These 

computational challenges are pronounced in WSIs and in 

3D volumetric imaging. These storage and processing 

constraints can negatively impact real-time inference and 

deployment on edge devices [67]. When compared side by 

side with GANs, transformers also share certain 

limitations, such as stability issues, particularly when 

applied to high-dimensional image data. Furthermore, 

their reliance on positional encodings to learn spatial 

relationships limits their ability to efficiently represent 

spatial information. 

 

In recent years, efforts have been made to reduce 

computational requirements. Architectural adjustments, 

such as patch-based processing and sparse attention 

mechanisms, have shown promise in this regard. However, 

it leads to reduced spatial dimension learning, as the ability 

to capture local details is poor and global dependence is 

reduced. Interpretability is another significant challenge, 

as although attention maps can be misleading, especially 

in clinical contexts where accurate localisation is essential 
[68]. When transformers are trained on small datasets 

without adequate regularisation or pretraining, they can 

cause them to memorise the training data rather than learn 

generalised representations, leading to overfit [69]. 
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To address these limitations, hybrid models 

combining transformers with CNNs have been explored 

for classification, recognition, and related MIP tasks. 

These models have achieved notable performance, 

particularly when leveraging pretrained components 

[70,71]. However, in many medical applications, acquiring 

large-scale datasets for pretraining is impractical due to 

cost and privacy constraints. In such cases, hybrid 

architecture offers a pragmatic solution, enabling attention 

computation across pixel patches while leveraging CNNs 

for robust feature extraction. 

 

In conclusion, while transformers have shown 

advantages in MIP applications, their use remains 

constrained by computational demands, interpretability 

challenges, and limited training data. Hybrid architectures 

that integrate CNNs and transformer-based attention 

mechanisms present a promising direction, balancing 

spatial precision with contextual depth. 

 

This section has discussed these popular DL 

algorithms used for MIP at an individual stage; however, 

recent research has begun combining them into hybrid 

models. These hybrid models usually integrate different 

components of CNNs, transformers, and other 

architectures to take advantage of their individual 

strengths. Instances are seen in CNN-transformer hybrids 

for multi-scale feature extraction, GAN-CNN pipelines for 

artefact correction, and physics-informed DL systems [72, 

73]. However, the architecture is complex, and the trade-

off between computing requirements and performance 

complicates the entire applicability. Another consequence 

is longer training times and greater sensitivity to 

hyperparameter changes. In practice, hybrid models may 

inherit the limitations of their component architectures. 

Examples include CNNs’ noise sensitivity, transformers’ 

instability on limited data, and the need to address them 

adequately remains. 

 

V. CROSS-CUTTING ISSUES, OPEN 

CHALLENGES & FUTURE DIRECTIONS 

 

While modality-specific constraints have been 

explored in depth, their effects are magnified by broader 

systemic challenges that cut across medical imaging 

pipelines. These cross-cutting issues, often overlooked in 

existing reviews, play a decisive role in shaping model 

reliability, generalisation, and clinical applicability. This 

section critically examines how these systemic factors 

interact with both modality-specific and model-level 

limitations, revealing deeper barriers to robust and 

trustworthy deployment. 

 

 Data Scarcity and Model Uncertainty 

Small datasets have a significant impact on model 

uncertainty and remain a key cross-cutting issue across 

MIP. It is more common and visible when data are scarce 

and DL-based models face difficulty in learning 
discriminative patterns [74]. This leads to higher epistemic 

uncertainty, which is further amplified in multi-modal 

settings. This is because each imaging technique 

introduces distinct constraints, coupled with sample 

inconsistencies, that cannot be well captured with 

insufficient data during model training [75, 76]. This 

uncertainty can also erode the confidence and reliability of 

predictions, thereby affecting their reliability by clinical 

stakeholders in deploying them for highly critical 

scenarios. This intrinsic link between data scarcity and 

predictive uncertainty, therefore, represents a fundamental 

cross-cutting challenge in medical image analysis. A study 

by Ref [77] provides empirical insights into how this is a 

cross-cutting issue between small dataset problems and 

model uncertainty, as their systematic comparison using 

different uncertainty quantification methods showed that 

uncertainty estimates are not constant across datasets and 

different models. However, their [77] work showed that 

models lack sufficient knowledge of the unseen test data 

distribution when trained on small or limited datasets, 

which may be institution-specific. Though different 

techniques, such as few-shot learning in MIP to reduce 

data scarcity issues [78], these methods remain sensitive to 

domain based on reliance on prototype-based 

classification assumption, worsen model uncertainty when 

applied to rare imaging cases, limitation in global context 

learning when applied to high density images, as well as 

limited explainability in their output. 

 

In summary, addressing the intertwined challenges of 

data scarcity and model uncertainty in MIP requires not 

only more diverse and representative datasets but also the 

development of reliable, interpretable learning solutions, 

such as uncertainty-calibrated modelling techniques that 

generalise across modalities and institutions. 

 

 Domain Shift 
Domain shift arising from differences in acquisition 

protocols, scanner hardware, staining procedures, or 

patient demographics further undermines generalisation. 

According to Ref [79], this occurs when the distribution of 

the training data differs from that of the testing data. This 

is a major problem in MIP using DL, causing a significant 

negative impact on overall performance. Models trained 

on curated datasets often fail when exposed to external 

varying data distributions, leading to unstable performance 

and possible overfitting. This is particularly problematic in 

federated learning contexts, where data heterogeneity 

across institutions challenges aggregation and 

convergence.  Differences in acquisition between the two, 

regarding the device and technical human expertise, can 

result in varying image intensity and, hence, differences in 

data distribution. This challenge is shown in Figure 5, 

which visualises how scanner-specific acquisition 

differences can lead to substantial shifts in image intensity 

distributions—highlighting the risk of domain mismatch 

and its impact on model generalisation across 

heterogeneous clinical datasets. 

 



102 

 
Fig 5 Device-Specific Shifts in Image Intensity and 

Texture Distribution [80]. 

 

Figure 5 from Ref [80] offers a compelling visual 

demonstration of how scanner-induced variability can 

distort the intensity distributions of MRI data, with direct 

implications for DL segmentation. Subplot (a) presents a 

clean bimodal distribution, likely reflecting well-separated 

tissue classes under consistent acquisition conditions. In 

contrast, subplot (b) shows a skewed distribution from a 

different scanner, where acquisition parameters have 

shifted the intensity profile, introducing asymmetry and 

reducing class separability. Subplot (c), a smoothed 

version of (a), highlights how preprocessing choices such 

as kernel density estimation can clarify underlying patterns 

but may also obscure subtle artefacts critical for clinical 

interpretation. These plots underscore a persistent 

challenge in MIP: the assumption of distributional 

homogeneity across datasets is often invalid. Scanner-

specific biases rooted in hardware, calibration, and 

protocol differences can introduce domain shifts that 

undermine model generalisation. While Karani et al. 

propose domain-specific batch normalisation as a 

mitigation strategy, the broader issue remains. Without 

robust adaptation mechanisms, even well-trained models 

risk failure when exposed to unseen acquisition domains. 

This figure thus serves not only as a technical illustration 

but as a cautionary reminder of the fragility of DL models 

in the face of real-world heterogeneity. Domain adaptation 

has been proposed as a strategy for mitigating 

distributional shifts between source and target domains, 

particularly when both domains share the same learning 

task but differ in constraints and representation 

characteristics. In medical imaging, this challenge is 

amplified by the high dimensionality of data, such as 3D 

and 4D volumes with dense pixel matrices and rich 

contextual information, which complicates the design of 

models capable of robust adaptation. Techniques such as 

adversarial domain adaptation [81], feature alignment 

using Maximum Mean Discrepancy [64], and domain-

specific batch normalisation [82], have shown promise in 

aligning feature distributions across domains. However, 

these methods often struggle to scale effectively in the 

presence of inter-modality heterogeneity, where 

differences in imaging physics, resolution, and anatomical 

representation further hinder knowledge transfer [79]. This 

is especially problematic in multi-source settings, such as 

federated learning, where data from diverse institutions 
and modalities must be harmonised without direct access 

to raw images. Consequently, there remains a critical need 

for research into multi-source domain adaptation 

frameworks that not only accommodate high-dimensional 

medical data but also offer interpretability and clinical 

relevance to support trustworthy deployment in real-world 

settings. 

 

 Regulatory and Ethical Constraints 

In MIP, regulatory and ethical constraints include 

data privacy issues, the need for explainability of AI 

solutions, potential workforce disruption, and biases 

arising from limited data diversity [83]. The inherent 

opacity of models such as CNNs and transformers raises 

persistent concerns around explainability, accountability, 

and clinical trust. At the same time, explainable AI (XAI) 

techniques such as saliency maps and attention 

visualisations have been used in medical imaging 

applications, including diabetic retinopathy diagnosis [84]. 

They often lack modality-specific grounding and fail to 

deliver actionable insights for clinical practitioners. They 

often provide post hoc explanations that highlight regions 

of high model sensitivity, but do not necessarily reflect the 

true causal features driving the prediction. Furthermore, 

evaluation practices remain fragmented with respect to 

these maps, with inconsistent metrics and limited external 

validation, as different explanation methods can produce 

conflicting saliency maps for the same image, making it 

difficult to determine which interpretation is accurate and 

clinically meaningful. Addressing these challenges 

requires a paradigm shift from isolated architectural 

innovation toward integrated, clinically grounded 

solutions. This includes developing stain-invariant and 

acquisition-aware representations, uncertainty-aware 

learning modelling techniques, and benchmarking 

platforms that reflect real-world deployment conditions. 

Additionally, there is a need to embed ethical auditing, 

regulatory alignment, and stakeholder engagement 

throughout the model lifecycle rather than append them 

post hoc. Ultimately, resolving these cross-cutting issues 

demands a reorientation of research priorities: from 

performance-centric optimisation to reproducibility, 

interpretability, and equitable deployment in clinical 

practice. 

 

To consolidate the insights presented across 

modalities and model architectures, Table 1 synthesises 

the key modality-specific challenges, model-specific 

limitations, and cross-cutting issues that constrain DL 

performance and deployment in MIP. 
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Table 1 Summary of Modality-Specific Challenges, Model-Specific Limitations, and Cross-Cutting Issues in Deep Learning 

for Medical Image Processing. 

Modality Modality-Specific 

Constraints 

Model- Specific 

Constraints 

Cross-Cutting Issues Representative 

Mitigation Strategies 

MRI Subject motion 

artefacts (bulk and 

elastic).  

Low SNR. 

K-space distortions.  

Biological constraints 

(SAR, RF pulse 

limits). 

CNNs overfit to motion 

artefacts. 

GANs struggle with 

phase encoding 

irregularities. 

Transformers are 

sensitive to spatial 

inconsistency. 

Annotation noise due to 

blurred boundaries. 

Domain shift from 

acquisition variability. 

Data scarcity in subject 

motion-corrupted 

datasets. 

Compressed sensing + 

CNN hybrid methods. 

Motion correction 

filters (such as PCA, 

residual learning). 

DL-based denoising and 

PE line filtering. 

CT Dose-quality trade-

off. 

Low spatial 

resolution. 

Overlapping tissue 

densities. 

Task-dependent 

acquisition protocols. 

CNNs misclassify 

blurred or ambiguous 

regions. 

Segmentation models 

degrade on low-dose 

scans. 

GANs may amplify 

artefacts. 

Automation bias in low-

contrast regions. 

Uncertainty in 

anatomical boundary 

detection. 

Annotation 

inconsistency across 

dose levels. 

Super-resolution and 

denoising filters. 

Dose-aware training 

and contrast-to-noise 

ratio metrics. 

Uncertainty 

quantification 

frameworks. 

Ultrasound Speckle noise from 

wave interference 

Subject motion blur 

and low spatial 

resolution. 

Acquisition device-

specific variability. 

Operator-dependent 

acquisition. 

DL models fail to 

generalise across 

devices. 

Poor anatomical 

boundary detection. 

CNNs are sensitive to 

gain and contrast shifts. 

Domain shift due to 

vendor-specific signal 

processing and 

acquisition device. 

Annotation 

inconsistency from the 

imaging technician's 

technique. 

Data scarcity in multi-

device datasets. 

Adaptive residual 

learning filters. 

Domain adaptation. 

Transducer-aware 

preprocessing and 

harmonisation. 

Histopathology Gigapixel-scale 

WSIs. 

Stain variability 

across laboratories. 

High annotation 

burden at the cellular 

level. 

Presence of rare 

outliers. 

Patch-level 

inconsistency in CNNs. 

Transformers struggle 

with context 

aggregation. 

GANs amplify stain 

bias and artefacts. 

Data scarcity for rare 

abnormalities. 

Annotation noise from 

expert variability. 

Domain shift across 

institutions and scanners. 

Patch sampling and 

stain normalisation. 

Federated learning for 

multi-institutional 

training. 

DL-based stain 

harmonisation and 

outlier detection. 

 

Table 1 provides a summarised synthesis of cross-

cutting issues that constrain DL performance in MIP. It 

also reveals the uneven maturity of mitigation strategies; 

some are well-established (for instance, CS in MRI). In 

contrast, others remain insufficiently explored (for 

instance, transducer-aware harmonisation in ultrasound 

and varied sourced datasets from different vendor 

acquisition devices). The table emphasises the need for 

integrated DL model evaluation techniques that account 

for acquisition variability, annotation noise, subject 

motion-induced artefact, and domain shift, which are often 

discussed superficially in benchmark-driven studies. By 

critically assessing these interactions, the table reinforces 

the study’s central argument: that robust, clinically 

deployable DL systems for MIP must be designed with 

modality-aware constraints and model-specific 

vulnerabilities in mind. 

 

 

 

 

VI. CONCLUSION 

 

This study presents a focused, grounded synthesis of 

the limitations of DL-based solutions in MIP. It goes 

beyond previous isolated reviews by emphasising the 

interactions between modality constraints and model-

specific challenges. A key contribution of this study is its 

integration of cross-cutting issues such as data scarcity and 

model uncertainty, annotation noise, domain shift, and 

regulatory constraints into the analysis of modality-model 

interactions. This approach provides valuable insights into 

how technical limitations are often inseparable from 

clinical considerations. By bridging the gap between 

technical design and applicability on imaging modalities, 

this study equips early researchers and DL practitioners 

with a more actionable understanding of DL limitations in 

MIP. Future work will focus on developing acquisition-
aware DL-based solutions and conducting empirical 

analysis of cross-modality generalisation benchmarking 

across diverse datasets. 
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