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Abstract 

Background: Medical imaging is a cornerstone of modern healthcare, employing various physical 

phenomena to generate visual representations of the human body for diagnostic and therapeutic purposes. 

This review explores the latest innovations in medical imaging technologies, focusing on modalities such as 

X-ray radiography, computed tomography (CT), magnetic resonance imaging (MRI), and ultrasound. The 

study synthesizes advancements in image reconstruction, enhancement, segmentation, and registration, 

emphasizing the integration of deep learning methodologies.  

Methods: A systematic examination of the literature reveals significant improvements in image quality and 

diagnostic accuracy, driven by artificial intelligence (AI) applications, particularly deep learning algorithms. 

These methodologies enhance the precision of image interpretation, addressing challenges such as 

distribution drift and label sparsity, which have historically limited the efficacy of medical imaging.  

Results: Results indicate that contemporary AI techniques, including generative adversarial networks 

(GANs) and attention mechanisms, substantially enhance the performance of medical imaging systems. 

Furthermore, the review discusses the clinical implications of these advancements, highlighting their role 

in personalized medicine and improved patient outcomes.  

Conclusions: In conclusion, ongoing developments in medical imaging technology, particularly through AI 

integration, are poised to revolutionize healthcare diagnostics and treatment. Future research should focus 

on standardizing imaging protocols, enhancing data sharing, and addressing ethical considerations in AI 

applications to maximize the potential of these technologies. 
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1. Introduction 

Using physical phenomena like light, electromagnetic radiation, radioactivity, nuclear magnetic resonance, 

and sound, medical imaging creates images or visual representations of the human body's internal or 

external tissues or a specific body area either non-invasively or through invasive procedures [1]. The 

predominant imaging modalities in clinical medicine are X-ray radiography, computed tomography (CT), 

magnetic resonance imaging (MRI), ultrasound, and digital pathology. Imaging data constitutes about 90% 

of all healthcare data, making it a critical source of evidence for clinical analysis and medical action.  As 

detailed below and shown in Figure 1, medical imaging has several characteristics that affect the 

appropriateness and nature of deep learning solutions. These characteristics are not exclusively associated 

with medical imaging (Figure 1). 

 

Figure 1. The primary characteristics of medical imaging and the corresponding technological 

advancements are aimed at addressing these characteristics. 

2. Medical pictures possess several modalities  

Numerous established imaging modalities exist, and innovative modalities like spectral CT are being 

regularly developed. Even for frequently used imaging modalities, the pixel or voxel resolution has 

improved, resulting in enhanced information density. The spatial resolution of clinical CT and MRI has 

achieved sub-millimeter precision, whereas ultrasound has superior spatial resolution and temporal 

resolution that surpasses real-time capabilities. 

Despite the abundance of medical imaging data in clinical settings, the absence of defined collection 

techniques results in significant variability in equipment and scanning parameters, giving rise to the 

phenomenon known as "distribution drift." Owing to patient confidentiality and clinical data management 

protocols, pictures are dispersed throughout several hospitals and imaging facilities, resulting in a scarcity 

of really consolidated open-source medical big data. 

The Radiology Gamuts Ontology [2] delineates 12,878 "symptoms" (conditions resulting in outcomes) and 

4,662 "diseases" (imaging findings). The prevalence of illness has a characteristic long-tailed distribution: 

a limited number of prevalent diseases possess enough observed instances for extensive study, but the 

majority of diseases are rare in clinical settings. Moreover, new infectious illnesses not included in the 

existing ontology, such as the COVID-19 epidemic, arise with notable regularity. 
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Labeling or annotating a medical picture is labor-intensive and costly. Moreover, various activities need 

distinct ways of annotation, resulting in the occurrence of label sparsity. Due to varying experiences and 

differing settings, both inter-user and intra-user labeling inconsistency is significant, necessitating the 

consideration of labels as noisy. The creation of gold standards for picture tagging is still an unresolved 

subject. 

In the pre-labeled photos, the appearance differs from sample to sample, exhibiting a multi-modal 

probability distribution. The ratio of positive to negative samples is highly imbalanced. The pixel count 

associated with a tumor is often one to several orders of magnitude lower than that of normal tissue [3]. 

Medical imaging encompasses a diverse array of duties. Technically, there exists a variety of technologies 

including reconstruction, augmentation, restoration, classification, detection, segmentation, and 

registration. The integration of these technologies with various imaging modalities and diverse illnesses 

kinds generates a substantial array of intricate tasks across several applications that must be handled. 

3. Clinical requirements and utilizations 

Medical imaging often constitutes a crucial component of the diagnostic and therapeutic processes in 

medicine. A radiologist typically examines the obtained medical pictures and composes a report describing 

their results. The referring physician establishes a diagnosis and treatment strategy based on the imaging 

and the radiologist's findings. Medical imaging is often requested during a patient's follow-up to confirm 

the efficacy of therapy. Moreover, pictures are increasingly integral to invasive operations, used for both 

surgical planning and real-time imaging throughout the operation. 

For instance, we may examine what is referred to as the "radiology challenge" [4,5]. Over the last decade, 

advancements in image capture technology have enhanced the speed and resolution of imaging systems. 

For instance, before 1990, a CT scanner could get 50–100 slices, but contemporary CT scanners may gather 

1000–2500 slices in each case. A single entire slide digital pathology picture of a prostate biopsy core may 

consume 10GB of storage at 40x magnification. Annually, billions of medical imaging investigations are 

undertaken globally, and this figure is increasing. 

The majority of medical image interpretations are conducted by doctors, specifically radiologists. Human 

image interpretation is constrained by subjectivity, significant variability among interpreters, and 

weariness. Radiologists tasked with case reviews face time constraints while examining a growing volume 

of pictures, resulting in missed discoveries, prolonged turnaround times, and a scarcity of numerical data 

or quantification. This significantly restricts the medical community's capacity to progress toward more 

evidence-based customized therapy. 

AI techniques, including deep learning technology, may assist clinicians by automating image 

interpretation, resulting in what is referred to as “Computational Radiology” [6,7]. Automated techniques 

that may be created include the detection of pathological signs, measurement of illness extent, 

characterization of pathologies (e.g., benign vs malignant), and other software tools generally categorized 

as decision support. This technique may enhance doctors' skills to characterize three-dimensional and 

time-varying events, which are often omitted from current radiological reports due to constraints in time 

and visualization and quantification tools. 

4. Fundamental technologies and deep learning 

Numerous essential technologies emerge from diverse medical imaging applications, including: [8-11] 

• Medical image reconstruction seeks to create a visual representation (i.e., an image) from data 

obtained by a medical imaging apparatus, such as a CT or MRI scanner. The reconstruction of high-quality 

pictures from low doses and/or rapid collections has significant therapeutic implications [12]. 

• Medical image enhancement seeks to modify the intensities of a picture to make it more 

appropriate for presentation or subsequent analysis. Enhancement techniques include denoising, super-

resolution, MR bias field correction [13], and picture harmonization [14]. Recent research has focused on 

modality translation and synthesis and seen key phases in picture improvement. 
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• Medical image segmentation [15] seeks to allocate labels to pixels, ensuring that pixels sharing the 

same label constitute a segmented item. Segmentation has several uses in clinical measurement, treatment, 

and surgical planning. 

• Medical image registration tries to match the spatial coordinates of one or more pictures into a 

unified coordinate system. Registration is extensively used in population analysis, longitudinal analysis, and 

multimodal fusion, and is often employed for image segmentation by label transfer. 

• Computer-aided detection (CADe) and diagnosis (CADx) [17]. CADe seeks to locate or identify a 

bounding box that encompasses an item, generally a lesion, of interest. CADx seeks to further categorize the 

localized lesion as benign, malignant, or one of many lesion categories. 

• Additional technologies include landmark identification, picture or view recognition, and 

automated report production, among others [18-20]. 

Numerous survey studies exist on deep learning-based key technologies for medical image analysis [22-

31]. This review paper distinguishes itself by excluding technical details of deep learning, which is now 

well-established and extensively documented in other literature. Instead, it emphasizes the relationship 

between emerging deep-learning methodologies and the specific requirements of medical imaging, along 

with several case studies that exemplify the current advancements in the field. 

5. Historical viewpoint 

This document succinctly delineates the development chronology of deep learning in medical imaging. 

Deep learning was identified as one of the ten breakthrough technologies of 2013 [32]. This occurred after 

the 2012 large-scale image classification challenge that demonstrated the supremacy of CNNs on the 

ImageNet dataset [33]. During that period, deep learning (DL) surfaced as the preeminent machine-

learning instrument in general imaging and computer vision, prompting the medical imaging community 

to engage in a discourse over its applicability in the medical imaging sector. The worries stemmed from the 

aforementioned issues, namely the insufficiency of labeled data, referred to as the data challenge. 

Several steps can be identified as facilitators of deep learning technology in medical imaging: In 2015–2016, 

methodologies employing "transfer learning" (TL), also referred to as "learning from non-medical features," 

were developed to leverage knowledge acquired from addressing a source problem for application to a 

distinct yet related target problem. A critical inquiry was whether a network pre-trained on natural pictures 

would be relevant to medical imaging. Multiple studies demonstrated this phenomenon; using a deep 

network pre-trained on ImageNet and then fine-tuned for a medical imaging task facilitated accelerated 

training convergence and enhanced accuracy [34-36]. 

During 2017–2018, synthetic data augmentation surfaced as an alternative method to address the 

challenges of constrained datasets. Classical augmentation is an essential element of network training. 

Crucial inquiries to consider included the feasibility of synthesizing medical data using methods like 

generative modeling and if the resultant synthesis data would constitute valid medical instances, hence 

enhancing the efficacy of the medical job in the issue. Numerous studies across several fields demonstrated 

that this was the situation. In [37], synthetic picture augmentation via generative adversarial networks 

(GAN) demonstrated the ability to produce lesion image samples that professional radiologists could not 

identify as synthetic, while also enhancing the performance of convolutional neural networks (CNN) in 

identifying liver lesions. Generative Adversarial Networks, variational encoders, and their derivatives 

continue to be investigated and refined in recent studies, as will be detailed in the subsequent section. 

The U-Net architecture [38] was a significant contribution from the medical imaging field for picture 

segmentation. The U-Net, first developed for microscopic cell segmentation, has shown efficacy and 

robustness in learning useful features for many medical picture segmentation applications. 

6. Novel deep learning methodologies 

Deep neural networks provide more model capacity and enhanced generalization ability compared to 

shallow neural networks. Deep models trained on extensive annotated datasets for a single job demonstrate 

exceptional performance, surpassing standard algorithms and even human ability. Beginning with AlexNet, 
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a research movement emerged to increase the depth of networks, exemplified by VGGNet, Inception Net, 

and ResNet [33,39-41]. Skip connections enhance the trainability of deep networks, as seen in DenseNet 

and U-Net [38-42]. U-net was first introduced for segmentation, whilst other networks were designed for 

image classification. Deep supervision enhances discriminative capability. 

In the generative adversarial network (GAN), Goodfellow et al. [44] suggest pairing a generative model with 

a discriminator that determines whether a sample originates from the model distribution or the data 

distribution. Both the generator and discriminator are modeled as deep networks, and their training is 

conducted using a minimax optimization process. Adversarial learning is extensively used in medical 

imaging, including medical image reconstruction, image quality improvement, and segmentation. The 

attention mechanism [46] facilitates the automatic identification of "where" and "what" to concentrate on 

while articulating picture material or making comprehensive decisions. Squeeze and excitement [47] might 

be considered a channel attention process. Attention is integrated with GAN in [48] and with U-Net in [49]. 

Neural Architecture Search (NAS) [50] seeks to autonomously devise the architecture of a deep network 

optimized for superior performance on a certain job. Zhu et al. [51] effectively implement NAS for 

volumetric medical picture segmentation. The lightweight design seeks to optimize architecture for 

computational efficiency on resource-limited devices, such as mobile phones, while preserving accuracy 

[52,53]. To tackle sparse and noisy labels, we want deep learning methodologies that are efficient regarding 

annotations. The core concept is to use the strength and resilience of feature representation obtained from 

existing models and data, regardless of whether they originate from the same domain or job, and to tailor 

such representations to the specific task at hand. Several strategies have been presented in the literature 

[28] to do this, including transfer learning, domain adaptation, self-supervised learning, semi-supervised 

learning, and weakly/partially supervised learning. 

Transfer learning (TL) seeks to use information acquired by addressing a source issue to tackle a distinct 

but related target problem. A prevalent transfer learning approach involves using a deep network pre-

trained on ImageNet and then fine-tuning it for a medical imaging application to enhance training 

convergence and accuracy. Given the abundance of annotated datasets, such transfer learning approaches 

attain significant success. Nonetheless, ImageNet comprises natural photos, and its pre-trained models are 

only designed for 2D images, which may not be optimal for medical imaging, particularly in small-sample 

scenarios [36,54]. Liu et al. [55] present a three-dimensional anisotropic hybrid network that efficiently 

transfers convolutional features acquired from two-dimensional pictures to three-dimensional anisotropic 

volumes. In [56], Chen et al. amalgamate many datasets from numerous medical problems including distinct 

modalities, target organs, and diseases to develop a singular 3D network that serves as an excellent pre-

trained model for 3D medical picture interpretation tasks. 

Domain adaptation is a kind of transfer learning when the source and target domains share the same feature 

space but possess distinct distributions. In [57], domain-invariant features are acquired by an adversarial 

technique that seeks to categorize the domain of the input data. Zhang et al. [58] propose the synthesis and 

segmentation of multimodal medical volumes with generative adversarial networks with cycle and form 

consistency. A domain adaptation module is suggested in [59] that aligns target input features with the 

source domain feature space for cross-modality biomedical image segmentation, using a domain critic 

module to differentiate the feature spaces of both domains. Huang et al. [60] propose a universal U-Net that 

incorporates both domain-general and domain-specific characteristics to address different organ 

segmentation tasks across several domains. This integrated learning mechanism provides a novel approach 

to addressing many areas and diverse heterogeneous problems. 

Self-supervised learning, a kind of unsupervised learning, acquires representations via a proxy task, 

whereby the data generates supervisory signals. Upon acquiring the representation, it is refined with 

annotated data. The genesis approach of the models employs a proxy task that involves reconstructing the 

original picture from a distorted input image. Potential distortions include non-linear gray-value change, 

localized pixel shuffling, and picture out-painting and in-painting. Zhu et al. suggest addressing a Rubik’s 

Cube proxy problem that encompasses three operations: cube ordering, cube rotation, and cube masking. 
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This enables the network to acquire features that are invariant to translation and rotation, as well as 

resilient to noise [61,62]. 

Semi-supervised learning often involves training a model with a limited number of labeled photos, then 

generating pseudo-labels for an extensive collection of unlabeled images, and ultimately refining the model 

by integrating both image sets. Bai et al. [63] use this approach for cardiac MR segmentation. Nie et al. 

propose an attention-based semi-supervised deep network for segmentation [64]. It employs adversarial 

training for a segmentation network, generating a confidence map as a region-attention-based semi-

supervised learning approach to include unlabeled input into the training process. 

In [65], Wang et al. address a weakly-supervised multi-label illness classification using chest X-ray images. 

To alleviate the rigorous pixel-level annotation for image segmentation, poorly supervised algorithms using 

picture-level annotations [66] or imprecise annotations such as dots and scribbles [67] have been 

suggested. Shi et al. [68] develop a unified multiclass network for multi-organ segmentation by integrating 

many datasets, each characterized by limited sample sizes and incomplete organ labels, using newly 

introduced marginal loss and exclusion loss functions. Schleg et al. [69] developed a deep model using just 

normal pictures to identify aberrant areas in a test image. 

Unsupervised learning does not depend on the availability of labeled pictures. A disentangled network 

architecture is developed using an adversarial learning approach that enhances the statistical alignment of 

deep features and has been extensively used. Unsupervised learning and disentanglement have been used 

in medical imaging for image registration, motion tracking, artifact removal, enhancement of categorization, 

domain adaptation, and generic modeling [70-72]. Knowledge originates from several sources, including 

imaging physics, statistical limitations, and task-specific elements, with varying methods of integration into 

a deep learning technique. In the categorization of chest X-ray diseases, Li et al. [73] integrate anatomical 

information derived from unpaired CT into a deep network that disaggregates a chest X-ray into lung, bone, 

and other components. Augmented bone-suppressed pictures enhance classification performance in 

predicting 11 of 14 prevalent lung illnesses. In [74], lung radiographs are augmented by extracting lung 

features from CT-based simulated X-ray images (DRRs) and integrating them with the original X-ray picture. 

The augmentation is shown to improve the outcomes of pathology characterization in actual X-ray pictures. 

In [75], a dual-domain network is introduced to mitigate metal artifacts in both the image and sinogram 

domains, which are effectively integrated into a singular differential framework via a Radon inverse layer, 

instead of using two distinct modules. 

7. Neuroimaging with deep learning 

In recent years, deep learning has seen a significant surge in interest within the neuroimaging community. 

Numerous neuroimaging tasks, including segmentation, registration, and prediction, now have 

implementations based on deep learning. Furthermore, the use of deep generative models and adversarial 

training has facilitated new research opportunities in intricate picture synthesis problems within deep 

learning. The growing accessibility of extensive and varied pooled neuroimaging research presents deep 

learning with promising opportunities to enhance accuracy and generalizability, while simultaneously 

decreasing inference time and minimizing the need for intricate preparation. Convolutional neural 

networks (CNNs) have facilitated fast parameterization of networks and spatial invariance, both essential 

for managing high-dimensional neuroimaging data. The learnable feature reduction and selection skills of 

CNNs have shown efficacy in advanced prediction and analysis tasks, diminishing the need for specialized 

domain expertise. Specialized networks, like U-Nets, V-Nets, and GANs, are prevalent in neuroimaging and 

have been used for various segmentation and synthesis tasks [38,44]. 

8. Conclusion 

The advancements in medical imaging technology represent a significant leap forward in diagnostic and 

therapeutic capabilities within the healthcare sector. As the volume of medical imaging data continues to 

grow, driven by increasing patient populations and sophisticated imaging modalities, the integration of 

artificial intelligence, particularly deep learning, emerges as a transformative force. This review has 
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highlighted how contemporary AI techniques have enhanced image quality, accuracy, and interpretation 

speed, addressing longstanding challenges such as distribution drift and label sparsity. The application of 

deep learning algorithms, including convolutional neural networks (CNNs) and generative adversarial 

networks (GANs), has demonstrated remarkable efficacy in various imaging tasks, from segmentation and 

classification to reconstruction and augmentation. These methodologies not only improve diagnostic 

accuracy but also facilitate real-time decision-making during clinical procedures, ultimately contributing to 

more personalized and effective patient care. 

Moreover, the potential of medical imaging technologies to support precision medicine is profound. By 

enabling more accurate diagnoses and tailored treatment plans, these innovations promise to enhance 

patient outcomes and reduce healthcare costs. However, the rapid evolution of these technologies also 

presents challenges that must be addressed. Issues such as data privacy, the need for standardized imaging 

protocols, and the ethical implications of AI in clinical settings require ongoing attention from researchers, 

practitioners, and policymakers alike. In summary, while the integration of AI in medical imaging has 

already yielded significant benefits, the future holds even greater promise. Continued research and 

collaboration across disciplines will be essential to harness the full potential of these technologies. By 

addressing the challenges and leveraging the opportunities presented by advancements in medical imaging, 

the healthcare community can improve diagnostic capabilities, enhance patient outcomes, and pave the way 

for a new era in medical practice. 
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 التطورات في تقنيات التصوير الطبي: أحدث الابتكارات في تقنيات التصوير الطبي

 المستخلص 

بصرية لجسم  يعد التصوير الطبي حجر الزاوية في الرعاية الصحية الحديثة، حيث يستخدم مجموعة من الظواهر الفيزيائية لتوليد تمثيلات   :الخلفية

الإنسان لأغراض التشخيص والعلاج. يستعرض هذا البحث أحدث الابتكارات في تقنيات التصوير الطبي، مع التركيز على الوسائل مثل التصوير  

، والتصوير بالموجات فوق الصوتية. كما (MRI) ، التصوير بالرنين المغناطيسي(CT) الشعاعي بالأشعة السينية، التصوير المقطعي المحوسب

 .يركز على التطورات في إعادة بناء الصور، تحسينها، تجزئتها، وتسجيلها، مع التأكيد على دمج منهجيات التعلم العميق

، لا سيما (AI) يكشف التحليل المنهجي للأدبيات عن تحسينات كبيرة في جودة الصور ودقة التشخيص، مدفوعة بتطبيقات الذكاء الاصطناعي :الطرق

ات،  خوارزميات التعلم العميق. تعمل هذه المنهجيات على تعزيز دقة تفسير الصور، ومعالجة التحديات مثل الانحراف في التوزيع وندرة التصنيف

 .التي قيدت كفاءة التصوير الطبي تاريخيا  

وآليات الانتباه، تحسن بشكل   (GANs) تشير النتائج إلى أن تقنيات الذكاء الاصطناعي المعاصرة، بما في ذلك الشبكات التوليدية التنافسية :النتائج

ائج  كبير أداء أنظمة التصوير الطبي. كما يناقش البحث الآثار السريرية لهذه التطورات، مسلطا  الضوء على دورها في الطب الشخصي وتحسين نت

 .المرضى

في الختام، فإن التطورات المستمرة في تقنيات التصوير الطبي، لا سيما من خلال دمج الذكاء الاصطناعي، على وشك إحداث ثورة في   :الخلاصة

انات، ومعالجة  تشخيصات الرعاية الصحية وعلاجها. ينبغي أن تركز الأبحاث المستقبلية على توحيد بروتوكولات التصوير، تحسين مشاركة البي

 .الاعتبارات الأخلاقية في تطبيقات الذكاء الاصطناعي لتحقيق أقصى استفادة من هذه التقنيات

 .التصوير الطبي، التعلم العميق، الذكاء الاصطناعي، التصوير التشخيصي، إعادة بناء الصور :الكلمات المفتاحية

 


