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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 (Al) 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 Al 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 Al
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 Al
applications to maximize the potential of these technologies.

Keywords: Medical Imaging, Deep Learning, Artificial Intelligence, Diagnostic Imaging, Image
Reconstruction.
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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).
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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.

Al 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]. [t 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 Al 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 Al in clinical settings require ongoing attention from researchers,
practitioners, and policymakers alike. In summary, while the integration of Al 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.

References

1. Beutel ], Kundel HL, and Van Metter RL, Handbook of Medical Imaging. SPEI Press, 2000, vol. 1.

2. Budovec J], Lam CA, and Kahn CE Jr, “Informatics in radiology: radiology gamuts ontology: differential
diagnosis for the semantic web,” RadioGraphics, vol. 34, no. 1, pp. 254-264, 2014.

3. Zou KH, Warfield SK, Bharatha A, Tempany CM, Kaus MR, Haker SJ, Wells II1 WM, Jolesz FA, and Kikinis
R, “Statistical validation of image segmentation quality based on a spatial overlap index1: scientific
reports,” Academic Radiology, vol. 11, no. 2, pp. 178-189, 2004.

4. Rubin DL, “Informatics in radiology: measuring and improving quality in radiology: meeting the
challenge with informatics,” Radiographics, vol. 31, no. 6, pp. 1511-1527, 2011.

5. Recht MP, Dewey M, Dreyer K, Langlotz C, Niessen W, Prainsack B, and Smith ]], “Integrating artificial
intelligence into the clinical practice of radiology: challenges and recommendations,” European
Radiology, pp. 1-9, 2020.

6. Borgers C. and Natterer F, Computational radiology and imaging: therapy and diagnostics. Springer
Science & Business Media, 2012, vol. 110.

7. Tran WT, Sadeghi-Naini A, Lu F-I, Gandhi S, Meti N, Brackstone M, Rakovitch E, and Curpen B,
“Computational radiology in breast cancer screening and diagnosis using artificial intelligence,”
Canadian Association of Radiologists Journal, p. 0846537120949974, 2020.

8. Beutel ], Sonka M, Kundel HL, Van Metter RL, and Fitzpatrick JM, Handbook of Medical Imaging: Medical
image processing and analysis. SPIE Press, 2000, vol. 2.

9. Prince L and Links JM, Medical Imaging Signals and Systems. Pearson Prentice Hall Upper Saddle River,
2006.

10. Bankman I, Handbook of Medical Image Processing and Analysis. Elsevier, 2008.

11. Zhou SK, Rueckert D, and Fichtinger G, Handbook of Medical Image Computing and Computer Assisted
Intervention. Academic Press, 2019.

12. Wang G, Zhang Y, Ye X, and Mou X, Machine learning for tomographic imaging. IOP Publishing, 2019.

13. Gaillochet M, Tezcan KC, and Konukoglu E, “Joint reconstruction and bias field correction for
undersampled mr imaging,” in International Conference on Medical Image Computing and Computer-
Assisted Intervention. Springer, 2020, pp. 44-52.

14. Dewey BE, Zhao C, Reinhold ]C, Carass A, Fitzgerald KC, Sotirchos ES, Saidha S, Oh ], Pham DL, Calabresi
PA, etal.,, “DeepHarmony: a deep learning approach to contrast harmonization across scanner changes,”
Magnetic Resonance Imaging, vol. 64, pp. 160-170, 2019.

5836
https://reviewofconphil.co



15.

16.

17.

18.

19.

20.

21.
22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Tajbakhsh N, Jeyaseelan L, Li Q, Chiang JN, Wu Z, and Ding X, “Embracing imperfect datasets: A review
of deep learning solutions for medical image segmentation,” Medical Image Analysis, p. 101693, 2020.
FuY, Lei Y, Wang T, Curran WJ, Liu T, and Yang X, “Deep learning in medical image registration: a review,”
Physics in Medicine & Biology, 2020. [

Chan H-P, Hadjiiski LM, and Samala RK, “Computer-aided diagnosis in the era of deep learning,” Medical
Physics, vol. 47, no. 5, pp. e218-e227, 2020.

Liu D, Zhou KS, Bernhardt D, and Comaniciu D, “Search strategies for multiple landmark detection by
submodular maximization,” in 2010. [EEE Computer Society Conference on Computer Vision and
Pattern Recognition. IEEE, 2010, pp. 2831-2838.

Xu Z, Huo Y, Park ], Landman B, Milkowski A, Grbic S, and Zhou S, “Less is more: Simultaneous view
classification and landmark detection for abdominal ultrasound images,” in International Conference
on Medical Image Computing and Computer Assisted Intervention. Springer, 2018, pp. 711-719.

Jing B, Xie P, and Xing E, “On the automatic generation of medical imaging reports,” in Proceedings of
the 56th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers),
2018, pp. 2577-2586.

LeCun Y, Bengio Y, and Hinton G, “Deep learning,” Nature, vol. 521, no. 7553, pp. 436-444, 2015.
Greenspan H, Van Ginneken B, and Summers RM, “Guest editorial deep learning in medical imaging:
Overview and future promise of an exciting new technique,” IEEE Transactions on Medical Imaging, vol.
35,no. 5, pp. 1153-1159, 2016.

Litjens G, Kooi T, Bejnordi BE, Setio AAA, Ciompi F, Ghafoorian M, Van Der Laak JA, Van Ginneken B, and
Sanchez CI, “A survey on deep learning in medical image analysis,” Medical Image Analysis, vol. 42, pp.
60-88, 2017.

Zhou SK, Greenspan H, and Shen D, Deep learning for medical image analysis. Academic Press, 2017.
Shen D, Wu G, and Suk H-I, “Deep learning in medical image analysis,” Annual Review of Biomedical
Engineering, vol. 19, pp. 221-248, 2017.

Ker ], Wang L, Rao ], and Lim T, “Deep learning applications in medical image analysis,” IEEE Access, vol.
6, pp- 9375-9389, 2017.

Yi X, Walia E, and Babyn P, “Generative adversarial network in medical imaging: A review,” Medical
Image Analysis, vol. 58, p. 101552-2019.

Cheplygina V, de Bruijne M, and Pluim JP, “Not-so-supervised: a survey of semi-supervised, multi-
instance, and transfer learning in medical image analysis,” Medical Image Analysis, vol. 54, pp. 280-
296, 2019.

Hesamian MH, Jia W, He X, and Kennedy P, “Deep learning techniques for medical image segmentation:
Achievements and challenges,” Journal of Digital Imaging, vol. 32, no. 4, pp. 582-596, 2019.

Duncan JS, Insana MF, and Ayache N, “Biomedical imaging and analysis in the age of big data and deep
learning,” Proceedings of the IEEE, vol. 108, no. 1, pp. 3-10, 2019.

Haskins G, Kruger U, and Yan P, “Deep learning in medical image registration: a survey,” Machine Vision
and Applications, vol. 31, no. 1, p. 8, 2020. [Google Scholar]

“MIT Technology Review, 2013, in https://www.technologyreview.com/s/513696/deep-learning,
2013.

Krizhevsky A, Sutskever I, and Hinton GE, “ImageNet classification with deep convolutional neural
networks,” in Advances in Neural Information Processing Systems, 2012, pp. 1097-1105.

Bar Y, Diamant I, Wolf L, Lieberman S, Konen E, and Greenspan H, “Chest pathology detection using
deep learning with non-medical training,” in International Symposium on Biomedical Imaging (ISBI),
2015, pp. 294-297.

Shin H-C, Roth HR, Gao M, Lu L, Xu Z, Nogues |, Yao ], Mollura D, and Summers RM, “Deep convolutional
neural networks for computer-aided detection: CNN architectures, dataset characteristics, and transfer
learning,” IEEE Transactions on Medical Imaging, vol. 35, no. 5, pp. 1285-1298, 2016.

Gulshan V, Peng L, Coram M, Stumpe MC, Wu D, Narayanaswamy A, Venugopalan S, Widner K, Madams
T, Cuadros J. et al., “Development and validation of a deep learning algorithm for detection of diabetic

5837

https://reviewofconphil.co



37.

38.

39.

40.

41.

42.

43.

44,

45,

46.

47.

48.

49.

50.
51.

52.

53.

54.

55.

56.

retinopathy in retinal fundus photographs,” Journal of the American Medical Association, vol. 316, no.
22, pp. 2402-2410, 2016.

Frid-Adar M, Diamant I, Klang E, Amitai M, Goldberger ], and Greenspan H, “GAN-based synthetic
medical image augmentation for increased CNN performance in liver lesion classification,”
Neurocomputing, vol. 321, pp. 321-331, 2018.

Ronneberger O, Fischer P, and Brox T, “U-net: Convolutional networks for biomedical image
segmentation,” in International Conference on Medical Image Computing and Computer Assisted
Intervention (MICCAI). Springer, 2015, pp. 234-241.

Simonyan K. and Zisserman A, “Very deep convolutional networks for large-scale image recognition,”
arXiv:1409.1556, 2014.

Szegedy C, Liu W, Jia Y, Sermanet P, Reed S, Anguelov D, Erhan D, Vanhoucke V, and Rabinovich A, “Going
deeper with convolutions,” in Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, 2015, pp. 1-9.

He K, Zhang X, Ren S, and Sun ], “Deep residual learning for image recognition,” in Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, 2016, pp. 770-778. [Google Scholar]
[42].Huang G, Liu Z, Van Der Maaten L, and Weinberger KQ, “Densely connected convolutional
networks,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2017,
pp- 4700-4708.

Lee C-Y, Xie S, Gallagher P, Zhang Z, and Tu Z, “Deeply-supervised nets,” in Artificial Intelligence and
Statistics, 2015, pp. 562-570.

Goodfellow I, Pouget-Abadie ], Mirza M, Xu B, Warde-Farley D, Ozair S, Courville A, and Bengio Y,
“Generative adversarial nets,” in Advances in Neural Information Processing Systems, 2014, pp. 2672-
2680.

Yang D, Xu D, Zhou SK, Georgescu B, Chen M, Grbic S, Metaxas D, and Comaniciu D, “Automatic liver
segmentation using an adversarial image-to-image network,” in International Conference on Medical
Image Computing and Computer Assisted Intervention (MICCAI). Springer, 2017, pp. 507-515.

Xu K, Ba ], Kiros R, Cho K, Courville A, Salakhudinov R, Zemel R, and Bengio Y, “Show, attend and tell:
Neural image caption generation with visual attention,” in International Conference on Machine
Learning, 2015, pp. 2048-2057.

Hu ], Shen L, and Sun G, “Squeeze-and-excitation networks,” in Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2018, pp. 7132-7141.

Zhang H, Goodfellow I, Metaxas D, and Odena A, “Self-attention generative adversarial networks,” in
International Conference on Machine Learning, 2019, pp. 7354-7363.

Oktay O, Schlemper ], Folgoc LL, Lee M, Heinrich M, Misawa K, Mori K, McDonagh S, Hammerla NY, Kainz
B. et al,, “Attention u-net: Learning where to look for the pancreas,” arXiv:1804.03999, 2018.

Elsken T, Metzen JH, and Hutter F, “Neural architecture search: A survey,” arXiv:1808.05377, 2018.

Zhu Z, Liu C, Yang D, Yuille A, and Xu D, “V-nas: Neural architecture search for volumetric medical image
segmentation,” in International Conference on 3D Vision (3DV). IEEE, 2019, pp. 240-248.

Howard AG, Zhu M, Chen B, Kalenichenko D, Wang W, Weyand T, Andreetto M, and Adam H, “MobileNets:
Efficient convolutional neural networks for mobile vision applications,” arXiv:1704.04861, 2017.
Zhang X, Zhou X, Lin M, and Sun |, “ShuffleNet: An extremely efficient convolutional neural network for
mobile devices,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
2018, pp. 6848-6856.

Raghu M, Zhang C, Kleinberg ], and Bengio S, “Transfusion: Understanding transfer learning for medical
imaging,” in Advances in neural information processing systems, 2019, pp. 3347-3357.

Liu S, Xu D, Zhou SK, Pauly O, Grbic S, Mertelmeier T, Wicklein ], Jerebko A, Cai W, and Comaniciu D, “3D
anisotropic hybrid network: Transferring convolutional features from 2D images to 3D anisotropic
volumes,” in International Conference on Medical Image Computing and Computer Assisted
Intervention (MICCAI). Springer, 2018, pp. 851-858.

Chen S, Ma K, and Zheng Y, “Med3D: Transfer learning for 3D medical image analysis,’
arXiv:1904.00625, 2019.

5838

https://reviewofconphil.co



57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

Kamnitsas K, Baumgartner C, Ledig C, Newcombe V, Simpson ], Kane A, Menon D, Nori A, Criminisi A,
Rueckert D. et al., “Unsupervised domain adaptation in brain lesion segmentation with adversarial
networks,” in International conference on information processing in medical imaging. Springer, 2017,
pp. 597-609.

Zhang Z, Yang L, and Zheng Y, “Translating and segmenting multimodal medical volumes with cycle-and
shape-consistency generative adversarial network,” in Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2018, pp. 9242-9251.

Dou Q, Ouyang C, Chen C, Chen H, and Heng P-A, “Unsupervised cross-modality domain adaptation of
convents for biomedical image segmentations with adversarial loss,” arXiv:1804.10916, 2018.

Huang C, Han H, Yao Q, Zhu S, and Zhou SK, “3D U2-net: A 3D universal u-net for multi-domain medical
image segmentation,” in International Conference on Medical Image Computing and Computer Assisted
Intervention (MICCIAI). Springer, 2019, pp. 291-299.

Zhou Z, SodhaV, Siddiquee MMR, Feng R, Tajbakhsh N, Gotway MB, and Liang ], “Models genesis: Generic
autodidactic models for 3d medical image analysis,” in International Conference on Medical Image
Computing and Computer Assisted Intervention (MICCAI). Springer, 2019, pp. 384-393.

Zhu |, Li Y, Hu Y, Ma K, Zhou SK, and Zheng Y, “Rubik’s cube+: A self-supervised feature learning
framework for 3D medical image analysis,” Medical Image Analysis, p. 101746, 2020.

Bai W, Oktay O, Sinclair M, Suzuki H, Rajchl M, Tarroni G, Glocker B, King A, Matthews PM, and Rueckert
D, “Semi-supervised learning for network-based cardiac MR image segmentation,” in International
Conference on Medical Image Computing and Computer Assisted Intervention (MICCAI). Springer,
2017, pp. 253-260.

Nie D, Gao Y, Wang L, and Shen D, “ASDNet: Attention-based semi-supervised deep networks for medical
image segmentation,” in International Conference on Medical Image Computing and Computer Assisted
Intervention (MICCAI). Springer, 2018, pp. 370-378.

Wang X, Peng Y, Lu L, Lu Z, Bagheri M, and Summers RM, “Chestx-ray8: Hospital-scale chest x-ray
database and benchmarks on weakly-supervised classification and localization of common thorax
diseases,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2017,
pp. 2097-2106.

Xu Y, Zhu J-Y, Eric I, Chang C, Lai M, and Tu Z, “Weakly supervised histopathology cancer image
segmentation and classification,” Medical Image Analysis, vol. 18, no. 3, pp. 591-604, 2014.

Kervadec H, Dolz ], Tang M, Granger E, Boykov Y, and Ayed IB, “Constrained-CNN losses for weakly
supervised segmentation,” Medical Image Analysis, vol. 54, pp. 88-99, 2019.

Shi G, Xiao L, Chen Y, and Zhou SK, “Marginal loss and exclusion loss for partially supervised multi-organ
segmentation,” arXiv:2007.03868, 2020.

Schlegl T, Seebock P, Waldstein SM, Langs G, and Schmidt-Erfurth U, “f-AnoGan: Fast unsupervised
anomaly detection with generative adversarial networks,” Medical image analysis, vol. 54, pp. 30-44,
2019.

Qin C, Shi B, Liao R, Mansi T, Rueckert D, and Kamen A, “Unsupervised deformable registration for multi-
modal images via disentangled representations,” in Information Processing in Medical Imaging (IPMI).
Springer, 2019, pp. 249-261.

Qin C, Bai W, Schlemper ], Petersen SE, Piechnik SK, Neubauer S, and Rueckert D, “Joint learning of
motion estimation and segmentation for cardiac MR image sequences,” in International Conference on
Medical Image Computing and Computer Assisted Intervention (MICCAI). Springer, 2018, pp. 472-480.
Liao H, Lin W-A, Zhou SK, and Luo ], “ADN: Artifact disentanglement network for unsupervised metal
artifact reduction,” IEEE Transactions on Medical Imaging, vol. 39, no. 3, pp. 634-643, 2019.

LiH, Han H, Li Z, Wang L, Wu Z, Lu ], and Zhou SK, “High-resolution chest x-ray bone suppression using
unpaired ct structural priors,” IEEE Transactions on Medical Imaging, vol. 39, no. 10, pp. 3053-3063,
2020.

Gozes O. and Greenspan H, “Lung structures enhancement in chest radiographs via ct based fcnn
training,” Lecture Notes in Computer Science, p. 147-158, 2018.

5839

https://reviewofconphil.co



75. Lin W-A, Liao H, Peng C, Sun X, Zhang ], Luo ], Chellappa R, and Zhou SK, “DudoNet: Dual domain
network for CT metal artifact reduction,” in Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2019, pp. 10 512-10 521.

) i gaaill il A o S Gasal s el g guall) iyl B cl ) ghal)

oaldiuad

o) 8 oy U5 i 50 Sl ) Sl (n e pane w8y g iipaal) Byl Al ) B30 s alall el ny: AgdlY)
sl Jie Qi gl e 58 ) e e alall yy guil) il 8 < HISEY) Caaal Gand) 138 o ez Slally (el ) 2y L)
LS Agigeall (358 s saly yygeaill 5 ¢ (MRI)gusbabinal) (il g gesaill ¢ (CT)rims snall gadaall gl cdipual] da8YL elall
Gl alail) Clmgia rad Ao ST ae clelinust s ¢lgt Jad clgimant ¢ saall sl sale) 3 el )kl e S 5

Lneu N ¢ (Al)gcl_dam\“ <A L'_XLQ:\.\L.\.\‘\L)BAA ‘UM‘ :\3.)_5 J}A\ EAPEN @3‘):\.\5 L'.:L&\.mﬁ oe C"_:Lu.)m @G_mn dal;ﬁ\ g_his:\ d#\
SQM‘ )i @)}ﬂ\ @U\FY\ Jia L\LJJA.\“ fu.\\.uj s‘)}A\ Mﬁa ﬁ‘)aﬁ‘_;s Q—ll.\;@—bd\ oda Jaxd M\ M‘ LI\:LA‘)‘)‘P
L Ul g el 50168 a1

ISy (e colii) 5 (GAN'S) dpmsill) ad ) AS03N Gy 3 Lay 66 jualaall o libaa¥) oS3 s (o ) geilil) ic gl
S Cppan g il Galal) 8l )90 e o gl Unbisa el ) ghaill a3gd &y 0 paall HBY) Cand) (il WS ol gucatl) Al ¢l 50

a_all
G 38 laa) iy o ¢ elilaall oS ad A (o Lasws Y uall gl b 8 5 painall ) shaill ()8 (LAl 8: AadAd)
Aallae s elilall 48 e G ¢y gaal) Y S5 a5 e Dbl Sla) S5 ol gt eadle s Lmaall dle )l Cladss

AL 038 (pe Bl (acl (Gaiadl e lilaal) o\SA il & AENAY) @ Hlie V)

_J_}AA” ;U,\ BJLG} “;.4:\;.1_\!\ ‘).1_9;4:.:.“ sgcl_skm\)“ <Al c‘_'é:\.uj\ ?Xxﬂ\ ‘@H\ ﬁ}mﬂ\: K.JAL‘&AI Glalsty

5840
https://reviewofconphil.co



