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Abstract: Visual computing in medicine involves handling the generation, acquisition,
processing, analysis, exploration, visualization, and interpretation of medical visual infor-
mation. Machine learning has become a prominent tool for data analytics and problem-
solving, which is the process of enabling computers to automatically learn from data and
obtain certain knowledge, patterns, or input–output relationships. The tasks involving
visual computing in medicine often could be transformed into tasks of machine learning.
In recent years, there has been a surge in research focusing on machine-learning-based
visual computing. However, there are few reviews comprehensively introducing and
surveying the systematic implementation of machine-learning-based vision computing
in medicine, and in relevant reviews, little attention has been paid to the use of machine
learning methods to transform medical visual computing tasks into data-driven learning
problems with high-level feature representation, while exploring their effectiveness in key
medical applications, such as image-guided surgery. This review paper addresses the
above question and surveys fully and systematically the recent advancements, challenges,
and future directions regarding machine-learning-based medical visual computing with
high-level features. This paper is organized as follows. The fundamentals and paradigm
of visual computing in medicine are first concisely introduced. Then, aspects of visual
computing in medicine are delved into: (1) acquisition of visual information; (2) processing
and analysis of visual information; (3) exploration and interpretation of visual information;
and (4) image-guided surgery. In particular, this paper explores machine-learning-based
methods and factors for visual computing tasks. Finally, the future prospects are discussed.
In conclusion, this literature review on machine learning for visual computing in medicine
showcases the diverse applications and advancements in this field.

Keywords: visual computing; image reconstruction; image analysis; segmentation; registration;
visualization; augmented reality; machine learning; explainable artificial intelligence

MSC: 68U10; 68T07; 62H35; 65D18

1. Introduction
Visual computing in medicine has been a topic of interest for researchers over the

years. Visual computing in medicine involves handling the generation, processing, analysis,
exploration, and interpretation of medical visual information, like MRI (magnetic resonance
imaging) scans, X-rays, or even 3D (three-dimensional) models of organs [1]. The ultimate
purpose of visual computing in medicine is to monitor, explore, and interpret the target
being visualized. Any process involving visual computing, including the acquisition,
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processing, analysis, interpretation, and visualization of medical visual information, can be
formulated abstractly by an input–output system.

Traditionally, the related input–output relationship is achieved by constructing mathe-
matical models on low-level visual representation space and iteratively solving optimiza-
tion problems. These methods are supported by strong mathematical theories, but also
have obvious limitations.

Machine learning, especially its subset “deep learning and neural networks”, is one of
the largest diamonds ever discovered in the evolution of science, and has many facets, one
of which is machine-learning-based visual computing—the central theme of this paper. It
is the process of enabling computers to automatically learn from data and obtain certain
knowledge, patterns, or input–output relationships. In visual computing in medicine,
the tasks of acquisition, processing, analysis, and interpretation of visual information
could be transformed into the tasks of modern machine learning. Nowadays, related
methods of visual computing in medicine are based on knowledge, goals, and artificial
intelligence, which are widely applicable and accomplished by solving a machine learning
problem with the help of higher-level feature information. Reference [2] highlighted the
importance of information visualization in machine learning and its applications, setting
the stage for further exploration in this area. Mathematically speaking, the foundation of
learning-based visual computing is a rapidly growing field called machine learning theory.
Therefore, the final visual exploration and interpretation is important for visual computing
and is intrinsically connected to learning theory and vision-based artificial intelligence.
A combination of acquisition, processing, analysis, visualization, and interpretation of
medical visual information is often necessary for the task of artificial visual computing.

In recent years, the research community has witnessed an increased number of signifi-
cant and novel methods and applications in mathematical modeling and machine learning
for visual computing in medicine. However, there are few reviews that comprehensively
introduce and survey the systematic implementation of machine-learning-based vision
computing in medicine, and in relevant reviews, little attention has been paid to how to use
machine learning methods to transform medical visual computing tasks (such as medical
image reconstruction, analysis, and visualization) into data-driven learning problems with
high-level feature representation, while exploring their effectiveness in key medical applica-
tions, such as image-guided surgery. This review paper addresses the above question and
surveys fully and systematically the recent advancements, challenges, and future directions
of machine-learning-based medical visual computing with high-level features. The remain-
der of this paper is organized as follows. Section 2 introduces briefly the fundamentals
and paradigm of visual computing in medicine. The functionality and interrelationships of
visual computing in medicine are described in detail in this section, as well as its purpose.
Section 3 discusses the acquisition of medical visual information and medical image data.
Section 4 investigates the processing and analysis of medical visual information. Image
segmentation, registration, and fusion of medical visual information are the focuses of
this section. Section 5 delves into methods for the exploration and interpretation of visual
information. Section 6 focuses on the exploration of visual information with visualization
and augmented reality. Section 7 is devoted to the overall application of visual computing,
image-guided surgery. Section 8 further summarizes the main challenges and future direc-
tions for visual computing in medicine. Finally, Section 9 summarizes the conclusion with
major research findings and future recommendations.

2. Paradigm for Visual Computing in Medicine
Figure 1 presents the data processing flowchart of visual computing in medicine.

Figure 1 also shows the systematic implementation process of overall medical visual
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computing based on machine learning. As shown in Figure 1, it is often carried out as a
pipeline of several steps: acquisition of visual data about patients, processing and analysis
of visual information, and the exploration and interpretation of visual information [1]. In
the process of “acquisition of visual information”, medical image data u are acquired for
tasks in medicine, such as diagnosis, therapy planning, intraoperative navigation, and
post-operative monitoring. Tomographic image reconstruction methods are important
components of it [3]. The process of “acquisition of visual data” is followed by the process
of “processing and analysis of visual information”. In the module of “processing and
analysis of visual information” [4], image segmentation, including the identification and
delineation of relevant structures and regions, is the focus of the process, since visualization
and many interaction techniques benefit from image segmentation. Registration and fusion
are needed to integrate image data from different modalities or different points in time,
e.g., pre- and intraoperative images. Image registration is the process of aligning image
data from different sources or at different times so that their corresponding features are
related. Image registration is an instance of an inverse problem where the transformation
parameters are derived from the images. Finally, visual information can be explored and
interpreted in the process of “exploration and interpretation of visual information”, by
using representation learning, visualization [5], virtual and augmented reality, visual ExAI
(explainable artificial intelligence based on visualization) [6], and image-guided application
techniques [1].

Segmentation
Registration

Fusion

Reconstruction Explainable AI 
3D rendering/visualization

Augmented reality

Patient Results in a visual form
(images or animations)

Image-guided surgery

Acquisition Processing and analysis Exploration  / Interpretation
b u = [b]→ →D D u F = [ u ]→ →T T F v = [F ]→ →R R

vb
 

Figure 1. Data processing flowchart of visual computing in medicine: acquisition, processing, analysis,
interpretation, and visualization of visual information.

Let b denote the data acquired by the scan, u denote an image function, F denote the
targeted features or patterns, v denote the visual results (images or animations), D the
process of reconstruction, T the process of processing and analysis, and R the process of
exploration and interpretation. Then, a typical process of solving medical visual computing
problems can be expressed by the flowchart:

b
D[b]→ u

T[u]→ F
R[F]→ v .

where these processes, either linear or nonlinear, can be formulated by an input–output
system. The process of acquisition can be: b → D → u = D[b] . The process of “pro-
cessing and analysis” can be: u → T → F = T[u] . The process of “visualization,
exploration, and interpretation” can be: F → R → v = R[F] .

Suppose the input is information x, output is feature F/class y/conditional probability p(y|x) ,
and f (x, θ) is the model/input–output relationship ( f (x, θ) : = x → [F or y or p(y|x)] ),
machine learning is the process and main tool to obtain the input–output relationship
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f (x, θ) by learning from data. The tasks involving visual computing in medicine often
could be transformed into tasks of machine learning. That is, the input–output relation-
ship and problem regarding A (reconstruction), T (segmentation, registration or fusion),
or R (exploration and interpretation) can be learned and solved by using machine learn-
ing. So, as shown in Figure 1, medical visual computing tasks can be transformed into
data-driven learning problems with high-level feature representation by using machine
learning methods.

3. Acquisition of Medical Visual Information
In the acquisition of medical visual information and tomographic reconstruction

algorithms constitute the research hotspot.

3.1. Prior Information Guided Reconstruction

Tomography is nothing other than image reconstruction from measurement data
indirectly related to hidden structures, so here, medical image reconstruction is a typical
ill-posed inverse problem [3]. As described in Section 2, the process of image reconstruction
can be: b → D → u = D[b] ;

In a simple case, data b acquired by the scan are related to an underlying im-
age u through a mapping M. This mapping, as shown in Equation (1), is called the
forward process:

b = Mu (1)

Then, the reconstruction (inverse problem) is to calculate the image u from data b,
given the imaging system matrix M. According to the Bayesian rule, the reconstruction
is equivalent to an unconstrained optimization problem for a specific objective function
(energy function). So, solving inverse problems in the Bayesian inference framework, the
prior information-guided image reconstruction problem is equivalent to minimizing the
objective function J(u) via optimization, as shown in Equation (2).

û = argmin
û∈u

J(u) (2)

where J(u) can be presented as Equation (3), u is an image to be reconstructed, and b̃ is the
observed data of b.

J(u) = L(u, b̃) + λR(u) (3)

For a prior information-guided image reconstruction problem, the image reconstruc-
tion task can be transformed into a machine learning task. The optimization objective
function J(u), as shown in Equation (3), can be taken as the objective function of machine-
learning-based image reconstruction. In Equation (3), L(u, b̃) is the data fidelity term to
measure the data fitting error corresponding to the likelihood function. According to

different data models, the first term can be specialized into 1
2

∥∥∥Mu − b̃
∥∥∥2

2
,
∥∥∥Mu − b̃

∥∥∥
1
, and∫

(Mu − b̃ ln(Mu))du, which are statistically well-suited to additive Gaussian noise, impul-
sive noise, and Poisson noise, respectively. The second term R(u) is the regularization term,
which is the prior. Just like the first term, the second term can be also specialized according
to the statistical model for u. λ is the regularization parameter that balances these two
terms. For tomographic imaging in particular, the first term is the logarithmic likelihood
term, which mainly describes the statistical distribution of the original measured data.
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A more general objective function J(u) for regularization-based image reconstruction
can be expressed as

argmin
u

J(u) ≈ argmin
u

[L(M(u), b ) + λR(u)] (4)

where M is a forward operator. L is a suitable transform, which can be seen as the data
fidelity. The term R(u) is the regularization term, which is the prior information item,
and is on some prior distribution of the images to be reconstructed. From the perspective
of machine learning, the regularization consists of adding an extra term to the objective
function. Regularization is any modification made to a learning algorithm that is intended
to reduce its generalization error, but not its training error.

The composite optimization problem, shown as Equation (4), can be solved by using
some classical optimization algorithms, such as ISTA (iterative soft-thresholding algorithm)
and ADMM (alternating direction method of multipliers).

3.2. Traditional Reconstruction Methods

In the medical imaging process, image quality may be degraded by various factors,
which may cause a reconstructed image to deteriorate with severe noise and artifacts. Over
the past few decades, iterative reconstruction methods have been widely studied for noise
and artifact reduction. With different priors, various regularization terms were developed.
The sparse regularizer total variation (TV) [7] in prior information-guided reconstruction
is a powerful sparse regularizer [8], as shown in Equation (5). Furthermore, the idea of
nonlocal TV (NLTV) was adopted in several models for various imaging tasks [9].

minimize
u

{
L(u, b̃) + λTV(u)

}
(5)

Beyond TV, many other regularization methods have been proposed to improve
iterative reconstruction results. Another popular sparse representation model is dictionary
learning [10], which has been demonstrated to be powerful in signal processing.

3.3. Deep-Learning-Based Reconstruction Methods

Recently, deep-learning-based image reconstruction methods have shown significant
advancements.

Deep reconstruction methods denote the methods with data as an input and the
reconstructed image as an output without an explicit pseudo-inversion operation. Deep
learning was first introduced into iterative reconstruction in Ref. [11] to obtain a mapping
function J(u) as a regularization term for MRI reconstruction, as shown in Equation (6).

J(u) =
∥∥∥C(FHb; θ)− u

∥∥∥2

2
+

λ

2
∥FPu − b∥2

2 (6)

where F indicates the Fourier encoding matrix normalized as FHF = E (where E denotes
the identity matrix) and H denotes the Hermitian transpose operation.

C(FHb; θ) is an image-to-image mapping function using the super-resolution convo-
lutional neural network with the parameter vector θ. The network is trained in the image
domain, whose input and label are the zero-filled and ground truth images, respectively.

Following this idea, as shown in Equation (6), based on some traditional iterative
optimization methods (fast sampling and image reconstruction, ISTA, total variation reg-
ularization, ADMM, and primal-dual), there are many iterative reconstruction methods
combined with deep learning, such as “learned primal–dual reconstruction, direct re-
construction via deep learning, ISTA-Net, and ADMM-Net”, variational reconstruction
network, leveraging generic network structures, cascaded CNNs, and GAN (generative
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adversarial network)-based reconstruction networks”. Reference [12] introduced ADMM-
CSNet (alternating direction method of multipliers–compressive sensing network), combin-
ing traditional model-based compressive sensing methods and data-driven deep learning
for image reconstruction.

Deep-learning-based medical image reconstruction is still an active research field. An
overview of recent results in this field can be found in [3].

3.4. Specific Practical Application Examples with Machine-Learning-Based Medical
Image Reconstruction

Recently, the application of machine-learning-based medical image reconstruction has
garnered significant attention, and various studies have demonstrated practical methods
and frameworks to enhance imaging quality and diagnostic capabilities. Some specific
practical application examples with machine-learning-based medical image reconstruction
are as follows.

Reference [13] provided an overview of machine learning approaches for parallel MRI
reconstruction, including image-domain- and k-space-based techniques. Reference [14] con-
cluded that modularized deep neural network-based low-dose CT (computerized tomogra-
phy) image reconstruction methods have strong competitive performance by comparing
them with several traditional commercial methods. Reference [15] explored the application
of neural architecture search to MRI reconstruction. Their proposed network demonstrated
an effective balance between computational efficiency and reconstruction quality in imag-
ing applications. Reference [16] focused on the ability of generative adversarial networks
(GANs) to learn canonical medical image statistics, which can enhance medical imaging
workflows and be leveraged for reconstruction tasks. Reference [17] introduced a self-
supervised deep learning network to enhance the quality of grating-based phase-contrast
CT images. Their work illustrated how machine learning can effectively reduce noise
in medical imaging, thereby improving diagnostic outcomes. Reference [18] presented
another avenue for applying machine learning in medical imaging. Their information
theory analysis of multimodal images highlights the potential of machine-learning-based
translation techniques to address various medical imaging challenges, further expanding
the toolkit for image reconstruction.

In summary, the literature reveals a rich landscape of applications in machine-learning-
based medical image reconstruction, ranging from prior statistical modeling and GANs
to deep-learning-based multimodal translation. More and more advanced applications of
machine-learning-based image reconstruction have entered the stage of routine clinical use.

4. Processing and Analysis of Visual Information
As described in Section 2, the process of “processing and analysis of visual information”

(e.g., segmentation, registration, or fusion) formulated by an input–output system [4] is
shown as Equation (7).

F = T[u] (7)

The input u is an acquired image or visual information, which may degrade due to
some problems. Even u can contain more than one image, such as multimodal images,
video processing, or follow-up monitoring of individual patients. Mathematically speaking,
T is the operator (any linear or nonlinear). The desired features/pattern/results F can be
produced by T on the inputs.

Most problems in image processing and analysis are to recover F from u, thus are
inverse problems. How to compute T is usually an ill-posed inverse problem. In order to
effectively solve the ill-posed problem, T is often solved in a specific task-driven way. If the



Mathematics 2025, 13, 1723 7 of 29

problem is transformed into a machine learning problem, regularization methods will be
applied to reduce generalization errors.

4.1. Segmentation of Medical Visual Information

Medical image segmentation plays a crucial role in the analysis of visual information,
enabling efficient disease diagnosis and treatment, and it is one of the most challenging
problems in medical visual computing [1]. The field of medical image segmentation
continues to evolve with the development of novel segmentation methods, frameworks, and
models aimed at improving segmentation accuracy and efficiency in various applications
of medical visual computing.

For general image segmentation, T specifically denotes the process of “segmentation”
here. It finds a visually meaningful partitioning of the domain from a domain [4]. From
the perspective of machine learning, image segmentation crucially bridges low-level and
high-level computer vision. This means that image segmentation is processed in low-level
representation space, and may further be processed in high-level representation space. In
high-level computer vision, image segmentation can be taken as a classification task [19–22].

4.1.1. Traditional Methods and Machine-Learning-Based Methods

Traditional segmentation methods are often processed in low-level representation
space. In the early stage, the threshold-based method is applied to medical segmentation,
which divides pixels into foreground or background based on the intensity threshold. Such
a method is ineffective when segmenting complex structures. Additionally, region-based
methods were developed for more accurate segmentation results. Region-based methods
iteratively combine pixels into one region under special rules. In addition, edge detection
methods are used to solve the segmentation problem. However, the above methods cannot
be directly used in application due to the weak segmentation ability for variable structures
in medical images.

With the development of machine learning, feature-based and learning-based methods
have become popular, showing better segmentation performance. As supervised segmenta-
tion methods, multi-atlas segmentation frameworks have been proposed for abdominal
organ segmentation, utilizing spatial and appearance information from atlases to create
benchmarks for large-scale automatic segmentation [23]. Recent advancements in medical
image segmentation include the proposal of structure boundary-preserving segmentation
frameworks to address ambiguity and uncertainty in medical image segmentation [24].
Uncertainty-aware multi-view co-training has been introduced for semi-supervised medical
image segmentation [25].

4.1.2. Deep-Learning-Based Segmentation Methods

With the great success of deep learning networks (convolutional neural networks
and transformers), more and more deep-learning-based methods have been proposed to
solve the problem of medical image segmentation in high-level representation space, which
gained better accuracy than traditional methods. Based on different network structures,
these methods can be grouped into three categories: CNN (convolutional neural network)-
based [20], transformer-based [21], and SAM (segment anything model)-based [22].

CNN-Based Segmentation Methods

Inspired by the powerful feature extraction ability of CNNs in image classification
tasks, Ref. [19] constructed a FCN (fully convolutional network) for image segmentation,
which allows any size of input image. Based on FCN, Ref. [20] added skip connections be-
tween the encoder and decoder to provide segmentation output with low-level details. Due
to its simple, but efficient, network structure, U-shape design has gradually dominated the
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field of medical segmentation. Lots of works have been proposed to improve segmentation
accuracy from the original U-net [20]. There are four main ideas to improve U-net, encoder,
decoder, bottleneck, and skip connection.

The encoder is used to extract high-level features and increase the receptive field. Some
researchers tried to add new modules into the encoder to gain better feature representations.
Inspired by the power of dense connections, Ref. [26] constructed a hybrid dense connection
U-Net for tumor segmentation.

The decoder stacks convolutional and up-sampling blocks to transform high-level
features into low-level representation and restore the original image size. In order to gain
better boundary segmentation performance, Ref. [27] constructed an additional boundary
prediction decoder. Additionally, Ref. [28] proposed the multi-scale output consistency in
the decoder to provide better semi-supervised signals.

The bottleneck contains the deepest features, which have a big impact on the final
segmentation performance. Recently, the attention mechanism became popular due to its
feature refinement ability. Inspired by this, Ref. [29] added a spatial attention block to guide
the bottleneck focus on valuable regions.

The skip connection is proposed to provide positional information for the decoder.
Reference [30] claimed that skip connections built at the same level may be not the best
choice. They proposed U-net++, which constructed skip connections at different levels,
and the experimental results demonstrated its better performance.

Transformer-Based Methods

Transformer-based segmentation networks have been proposed to improve the accu-
racy of medical image segmentation by fusing multi-level features and enhancing informa-
tion interaction between channels.

Transformer [31] is a deep neural network model, in which the attention mechanism is
a key component. The attention mechanism provides an effective mechanism for the model
to focus attention on relevant parts, thus being able to handle the problem of inconsistent
lengths in sequence data. As the transformer showed its power in natural language
processing (NLP), some researchers tried using transformers in segmentation and gained
better results than traditional CNN-based methods. In computer vision, vision transformer
(ViT) applies the transformer to image classification tasks, demonstrating its potential in
visual tasks. Compared with CNNs, transformers have a large receptive field, making the
model see more far tissues to identify target structures. Additionally, transformers have a
better scalable ability when training data become larger. More and more transformer-based
methods have been proposed to solve the segmentation problem, and there are two types
of methods: pure transformers and Conv-Transformer hybrid methods.

Pure transformer methods simply replace the convolutional filters with the self-
attention block in the original U-net structure. For example, Swin-UNet [21] used the
self-attention block in a shift-window way to construct the U-net-like network.

Transformers suffer from annotated data scarcity, while CNNs have inductive bias
ability, so some researchers tried to combine these two modules to gain a Conv-Transformer
network. Transformers have better feature extraction ability, so the transformer is usually
used as an encoder or bottleneck in the hybrid network.

In computer vision, transformer models typically require large-scale datasets to fully
utilize their performance. Although transformers perform well in modeling ability, they
may not be as stable as traditional CNNs on small datasets.
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Segment Anything Model-Based Methods

Generalist vision foundation models, such as the SAM, have been applied to various
medical image segmentation benchmarks, showing inconsistent zero-shot segmentation
performance across different medical domains.

The differences between SAM-based and transformer-based segmentation in computer
vision are mainly reflected in model architecture. SAM is a universal segmentation model
based on Transformer, aimed at image segmentation through any hint (such as points, boxes,
text descriptions, etc.). SAM learns from large-scale datasets through pre-training and can
perform well in various segmentation tasks, especially in resource-limited environments,
where it can still provide efficient and accurate segmentation results.

SAM, as a fundamental model, can perform well in various segmentation tasks by
learning from large-scale datasets through pre-training. SAM [22] has a strong zero-shot
learning ability and performs well in natural images. However, medical images have
different feature distributions across different modalities; thus, simply using SAM cannot
gain satisfactory results in medical segmentation. Since many medical images are actually
3D data, one obvious idea is to make SAM learn inter-slice context in a 3D sequence [32].

To better use SAM in different modalities, it is necessary to finetune SAM. Because
full tuning consumes large amounts of computational resources, efficient tuning methods
(projection tuning and adapter tuning) have become popular. Projection tuning has been
proposed to use a new, task-specific projection head to replace the original decoder. Ad-
ditionally, adapter tuning methods usually add an adapter module to the encoder, which
allows for adjusting the encoder only by training a few parameters [33].

Overall, the integration of machine learning, particularly deep learning methods, has
significantly advanced medical image segmentation, offering more accurate and efficient
solutions for various medical imaging tasks.

4.1.3. Specific Practical Application Examples with Machine-Learning-Based Medical
Image Segmentation

The application of machine learning in medical image segmentation has seen signifi-
cant advancements. Some specific practical application examples with machine-learning-
based medical image segmentation are as follows.

Reference [34] presented an active learning strategy for semi-supervised 3D image
segmentation, which is specifically applied to COVID-19 pneumonia in CT scanning. Their
method leveraged a query function to select informative samples from noisy teacher-
generated data, demonstrating the adaptability of deep learning in addressing urgent
medical challenges.

Reference [35] reported the automatic classification of lung cancer subtypes using
deep learning and radiomics analysis based on CT scans. Their study highlighted the
reliability of automated diagnostic tools in radiomics, with a low failure rate in tumor lesion
segmentation, further validating the effectiveness of deep learning in oncological imaging.

In summary, these studies collectively illustrate the diverse segmentation methods
and practical implementations that are shaping the future of medical applications.

4.2. Registration of Medical Visual Information

As stated in Section 2, image registration is the process of aligning image data from
different sources or at different times so that their corresponding features are related. Medi-
cal image registration has become a pervasive tool in the diagnosis of clinical conditions
and the guidance of therapeutic interventions (e.g., image-guided surgery). Data may
come from different sensors, times, depths, or viewpoints. Medical image registration,
including unimodal registration and multimodal registration, represents a fundamental
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and pivotal technology within the domain of medical image processing and analysis. Prior
to the processing and analysis of medical images with the aim of obtaining comprehensive
information, the initial challenge to be addressed is the precise registration of the images
in question. The registration of images is a fundamental prerequisite for a number of
subsequent processes, including image fusion, image segmentation, image comparison,
three-dimensional reconstruction, and the identification and analysis of changes in tar-
gets. Consequently, in-depth research on the technology of medical image registration has
significant theoretical implications and clinical application value.

4.2.1. Mathematical Form of Medical Image Registration

Image registration can be formulated as shown in Equation (8), which is the process
of learning the optimal spatial transformation parameters T that maximize the similarity
measure under a given optimization strategy.

T∗ = argmin
T

S(IF, IM(T)) (8)

where IF denotes the fixed image and IM denotes the moving image. The spatial transfor-
mation T of the moving image IM is performed continuously until the transformed moving
image exhibits the greatest possible similarity to the fixed image IF, and T∗ is the optimal
result of spatial transformation.

The core technology of the medical image registration algorithm encompasses four
fundamental components: similarity assessment, spatial transformation, interpolation [36],
and optimization algorithms.

Similarity Assessment

Similarity measures can be classified into gray-scale-based measures or feature-based
measures. In general, similarity measures used for non-rigid image registration comprise
two components: voxel grayscale/structure-related and deformation field-related [37].
Consequently, the cost function represents a compromise between the grayscale/structure
and the constraints imposed on the deformation field. These constraints are frequently
referred to as penalties or regular terms.

The most commonly utilized gray-scale-based similarity measures can be classified
into three categories: gray-scale difference, inter-correlation, and information theory-based
similarity measures. On the other hand, feature-based measurement methods [38] neces-
sitate the initial extraction of salient features from both images. Subsequently, the spatial
topological relationship between these features and the grayscale of the feature region
must be combined to establish a correspondence. In general, all of the aforementioned
grayscale-based similarity measures can be utilized as feature-based similarity measures.
The feature-based algorithm is immune to the effects of image grayscale attributes and
noise, rendering it more robust.

Optimization Algorithms

Image registration can be regarded as a multi-parameter optimization problem, the
selection of an appropriate optimization algorithm being of great consequence in view of
the spatial transformation model.

In accordance with the parameters delineated within the domain of solution defi-
nition, multi-parameter optimization algorithms can be classified into local and global
optimization algorithms.

Local optimization algorithms require specific information to ascertain a search direc-
tion. The most prevalent form of this information is the gradient value of the cost function.
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Examples of algorithms that utilize this information include steepest gradient descent [39],
conjugate gradient [40], Powell’s algorithm [41], and so on.

Global optimization algorithms are characterized by robust search capabilities and
a robust theoretical foundation. They are particularly well-suited to registration models
with a large number of transformation parameters to be solved. The most commonly used
algorithms are the simulated annealing algorithm [42], the particle swarm optimization
algorithm [43], and so on. However, these algorithms are computationally intensive, exhibit
slow convergence, and are highly susceptible to misregistration due to factors such as the
initial search point, search direction, and search strategy.

It is worth noting that optimization algorithms are merely a means of implementation
for medical image registration algorithms. Consequently, the majority of medical image
registration models utilize well-established optimization algorithms. To enhance search
efficiency, some researchers have proposed a combination of local and global algorithms.
The hybrid optimization algorithm is an effective means of accelerating convergence and
improving alignment accuracy while maintaining reasonable computational efficiency.

Spatial Transformation

As evidenced by Equation (8), the selection of an appropriate spatial transform is of
paramount importance for the success of the registration process. Spatial transformations
are typically classified into three primary categories: rigid, affine, and non-rigid transfor-
mations. In clinical applications, different organs (e.g., lungs, heart, etc.) acquired at the
same time are affected by respiratory motion, organ peristalsis, gravity, etc. The study of
medical image registration based on non-rigid transformation has become a prominent
area of research.

A registration task can be transformed into a machine-learning task, in which a
complex spatial transformation can be learned by deep learning algorithms, which will be
introduced in Section 4.2.2.

4.2.2. Deep-Learning-Based Registration
Deep Neural Network and Spatial Transformation Network

As described in Section 1 and Equation (7), the registration process can be formulated
by an input–output system, and the relationship is complex. So, deep learning can be used
to learn the input–output relationship T.

Since the input–output relationship T (here, spatial transformation) is complex, a
nonlinear general deep network model θ can be trained to learn T, where the input will be
transformed into high-level feature space. In computer vision, it is referred to as implicit
neural representations [44,45].

Figure 2 illustrates the universal paradigm of learning-based registration. Typically,
this paradigm primarily consists of: a deep neural network (DNN) to learn the deforma-
tion from a moving image to a fixed image, a spatial transformation network applying
the deformation to warp moving image, and a loss function to optimize network param-
eters. As shown in Figure 2, T can be learned from the data-driven learning process
by using deep learning methods, and the registration will be handled with high-level
feature representation.

Convolutional neural networks (CNNs) dominate in deep neural network-based image
registration, such as U-Net-like architectures [20], QuickSilver [46], VoxelMorph [47,48],
CycleMorph [49], and so on. Further, models such as diffusion models, transformers, and
neural ordinary differential equations have been developed in the field.
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Figure 2. Universal paradigm of deep-learning-based image registration.

The proposal of the spatial transfer network (STN) [50], learning spatial transformation
feature maps driven by tasks, has facilitated the rapid development of deep-learning-based
image registration (DLIR). Although it is not specifically designed for image registration, it
learns features in the network, remaining invariant to both rigid and deformable transfor-
mations, which have become the foundation of DLIR methods, especially unsupervised
or weakly supervised methods. Most deep-learning-based registration methods can be
considered as expanded STN. In STN, there is a CNN and spatial transformation block
in the generator as a general DLIR framework. IF and IM are taken as the input in CNN,
and a deformation field will be predicted. It can be seen that the registration networks
here utilize CNN and STN to jointly estimate the desired deformation field and obtain final
warp images. So, in this case, once the network is trained, the registration between new
image pairs is just one forward prediction.

In many medical applications, diffeomorphic image registration is desirable, as it will
provide transformation invertibility and topological preservation [51]. It can be achieved
mainly through two methods: time-dependent velocity field [52] or the time-stationary
velocity field approach [53]. How to combine diffeomorphic transformations in deep neural
network models is an interesting topic.

Loss Function

The loss function LR is utilized as the objective function of the deep-learning-based
registration, which can typically be expressed as Equation (9).

LR = Lsim(IF, IM ◦ ϕ) + Lreg(ϕ) (9)

where Lsim(·) denotes the dissimilarity penalty term, used to penalize the dissimilarity
between the fixed image IF and warped moving image IM ◦ ϕ; and Lreg(·) denotes the
regularization term, used to encourage a realistic deformation field ϕ.

The dissimilarity penalty loss function can guide the training of registration networks.
It is worth noting here that several regions with ‘folds’ (here, the Jacobian determinant is
negative) may occur in the estimated deformation fields. The deformation field is usually
hoped to be diffeomorphic, that is, smooth and invertible. So, L2-norm, the dominant
general-purpose regularization term, can be used in Equation (9).

Further, some extra anatomy loss, such as overlap of anatomical label maps, dice loss,
cross-entropy, and focal loss, can be introduced in learning-based registration methods.
And a more effective method is the registration network, introducing auxiliary anatomical
information through multi-task learning [54,55].

Deep-learning-based medical image registration is still an active research field. An
overview of recent results in the learning-based registration field can be found in [51].
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4.2.3. Specific Practical Application Examples with Machine Learn-Based Medical
Image Registration

The application of machine learning in medical image registration has garnered sig-
nificant attention in recent years, with various studies demonstrating its practical utility
across different imaging modalities in different times. Some specific practical application
examples with machine-learning-based medical image registration are as follows.

The development of tools such as “DeepInfer” by Ref. [56] illustrated the practical
deployment of deep learning models in established medical image analysis platforms.
This toolkit aimed to bridge the gap between advanced machine learning techniques and
their clinical applications, facilitating the integration of state-of-the-art models into routine
medical workflows, including image registration tasks.

The exploration of self-similarity in medical images in Ref. [57] had also contributed
to this field, proposing a new image resolution enhancement method that could indirectly
support the registration process by improving the quality of input images. This method
emphasized the potential of utilizing machine learning to enhance image features, thereby
promoting more accurate registration results.

Reference [58] addressed the limitations of linear registration methods by training
deep neural networks on virtual images generated from label maps. Their method allowed
for anatomical structure-specific registration without the need for prior segmentation,
thereby simplifying the registration process and improving accuracy.

In summary, recent studies reflect a dynamic and rapidly developing field, with
significant contributions from both traditional and deep-learning-based approaches to
medical image registration [59]. These advancements not only improve the accuracy and
efficiency of registration processes, but also expand the applicability of these techniques in
various medical imaging modalities in different times.

4.3. Fusion of Medical Visual Information

Fusion is essential to analyze different image data in a common frame. In many
medical scenarios, it is crucial to combine information related to the same patient extracted
from different sources at different times to draw conclusions. This section explains what is
technically feasible, along with the clinical motivation and use for these developments.

There are three main fusion strategies: pixel-level fusion, feature-level fusion, and
decision-level fusion. As pixel-level fusion methods have been introduced in numerous
studies on visual computing, this section will focus on feature-level fusion and decision-
level fusion.

4.3.1. Feature-Level Fusion

In this paper, methods of medical visual computing are established by solving a
machine learning problem with the help of high-level feature information. Feature-level
fusion plays a crucial role in improving the performance of sensor-based systems by
integrating relevant features from multiple sources, so it not only improves the accuracy
of the obtained information, but also distinguishes itself from data and sensor fusion by
focusing on extracting and combining meaningful high-level features, rather than just
raw data. Therefore, the significance of feature-level fusion in medical visual computing
lies in its ability to improve the accuracy and reliability of the information obtained from
different sources. Feature-level fusion is particularly advantageous when dealing with
heterogeneous medical information from various sensors, as it allows for the extraction of
relevant important high-level features that can be effectively combined to form a unified
representation. This is in contrast to data fusion, which may involve combining raw data
or signals without necessarily extracting features first. Moreover, feature-level fusion can
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facilitate the integration of information from different sensing modalities, which is essential
for medical applications requiring comprehensive situational awareness.

Feature-level fusion typically involves extracting features from multiple input modal-
ities and fusing them into F (e.g., a single feature vector). In recent years, feature-level
fusion strategies have received widespread attention, with methods based on the transform
domain being particularly popular due to their multi-scale and multi-frequency informa-
tion processing capabilities, often demonstrating good robustness. Consequently, they have
been widely applied in feature-level fusion schemes for medical multimodal data [60].

In feature-level fusion methods, an important challenge is to achieve the alignment
of features extracted from heterogeneous multi-source information, and then fusion tasks
in high-level feature space are implemented based on the completed alignment. Taking
into account common issues (such as data imbalance, a small number of samples, and
significant heterogeneity gaps) in medical multi-modal data fusion, researchers have in-
troduced learning methods based on attention mechanisms to integrate complementary
information from multiple sources. Reference [61] designed a two-layer dynamic adaptive
network for image fusion through a dynamic transfer mechanism to guide medical image
fusion tasks. In this way, potential correlations between different modality data can be
captured, reducing the impact of data distribution shifts and data feature redundancy on
model performance. Reference [62] proposed an end-to-end data fusion algorithm, which
introduced self-normalizing neural network learning for data representation and feature se-
lection, hence addressing the issue of data heterogeneity. Compared with traditional vector
computation fusion methods, this model innovatively introduces a cross-attention mecha-
nism, taking into account the gap between heterogeneous modalities. In addition, the way
features are fused at intermediate layers also has a critical impact on model performance.
Reference [63] explored a method that uses intermediate fusion to integrate information
from multiple modalities, embedding multiple modalities from extracted features and then
using a multiplicative fusion approach to obtain combined embeddings.

4.3.2. Decision-Level Fusion

Decision-level fusion involves independent processing of each modality for the in-
put, and ultimately fuses the output decisions (probability distributions, classification
results, etc.) of each modality at the prediction result layer through voting or weighting
mechanisms. Unlike feature-level fusion, which focuses on the extraction of intermediate
features and the processing of raw data, the key to decision-level fusion lies in designing an
appropriate fusion strategy to integrate the decision results of different modalities. Based
on the type of output decisions of the modalities, decision-level fusion can be broadly
divided into: fusion based on discrete outputs, fusion based on probabilistic outputs, and
fusion based on scoring/confidence level outputs.

In the probabilistic output fusion strategies, the output of the modality is often the prob-
ability distribution obtained from a single modality prediction. Reference [64] proposed
a multimodal multi-level fusion model using Bayesian inference, where the performance
indicators were superior to the classic radiomics-guided feature-level fusion model. In
order to obtain the optimal weight vector for the weighted fusion of different modalities,
Ref. [65] used the strategy of optimal weighted average fusion to fuse the predictions of the
modalities, achieving very good prediction results.

In addition, the fusion method based on scoring is also introduced to solve the problem
of weight vector allocation in modality fusion; some researchers have incorporated decision
thresholds into the model to determine the final decision [66]. They fused the prediction
outputs of multiple classifiers at the decision level based on likelihood ratios and set a
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decision threshold, with values greater than this indicating the presence of disease; values
less than this indicate otherwise, thus obtaining the decision result.

4.3.3. Specific Practical Application Examples with Machine-Learning-Based Medical
Visual Information Fusion

Machine-learning-based medical visual information fusion has attracted significant at-
tention, leading to various practical applications that enhance decision-making, diagnostic,
and treatment processes in healthcare. Some specific practical application examples with
machine-learning-based medical visual information fusion are as follows.

Reference [67] developed a universal framework that learns both specific and general
feature representations. This method minimizes the need for manual selection in diverse
applications, thereby simplifying the fusion process and enhancing its applicability in
various medical environments.

Reference [68] introduced a hybrid-scale contextual fusion network for medical image
segmentation. This network captures richer spatial and semantic information, outperform-
ing existing state-of-the-art methods on multiple public datasets, thus demonstrating its
effectiveness in clinical diagnostics.

Reference [69] introduced a hierarchical health decision fusion and support system
that fused information from wearable medical sensors into clinical decision support sys-
tems. This innovative system comprised six disease diagnosis modules for four disease
categories, demonstrating how machine learning can facilitate real-time health monitoring
and diagnosis, thereby improving patient outcomes.

In summary, the reviewed studies illustrate a range of practical applications of ma-
chine learning in medical visual information fusion, from automating coding processes to
enhancing decision support systems.

4.4. Specific Practical Application Examples with Machine-Learning-Based Medical
Visual Analysis

The application of machine-learning-based medical visual analysis has seen significant
advancements. Some specific practical application examples of machine-learning-based
processing and analysis of visual information are as follows.

Reference [56] developed “DeepInfer”, an open-source toolkit designed for the de-
ployment of deep learning models within the 3D Slicer platform. This toolkit facilitated the
application of deep learning in clinical medical image analysis.

Reference [59] investigated the application of deep-learning-based breast cancer image
analysis, covering various imaging modalities and databases. Their findings emphasized
the role of deep learning in enhancing image interpretation and clinical results.

Reference [70] provided a comprehensive overview of the application of deep-learning-
based visual analysis in cardiovascular medicine. They emphasized the advantages of deep
learning, such as automating image interpretation and enhancing clinical decision-making.

In summary, these studies collectively highlight the effectiveness and efficiency of
machine-learning-based processing and analysis of visual information in various routine
clinical applications.

5. Visualization, Augmented Reality, and Exploration of
Visual Information

An essential trend is the combination of biomedical simulations with advanced visual
exploration. As a consequence, processing and analysis results in visual computing can be
explored with techniques and augmented reality. That is: F → R → v = R[F] .

Data analysis techniques and their integration are also relevant for volume classifica-
tion, the basic process of assigning transfer functions to medical volume data. That is, the
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analysis and identification result regarding visual information, such as the classification
result or class posterior probability, or even uncertainty, can be visualized and explored
through transfer function assignment in visualization.

Visual exploration, visualization, and interpretation are partially the inverse problems
of image acquisition. On the other hand, visualization, augmented reality, exploration, and
interpretation attempt to reconstruct, explore, visualize, or interpret the 3D world in higher
feature space from 2D visual information.

5.1. Visualization and Rendering

There are some basic medical visualization techniques, such as surface rendering,
direct volume rendering, and hybrid volume and surface rendering.

Ray–surface intersection [71], surface shading, and lighting [72] are the issues of
concern among surface rendering. Using the volume rendering integral based on the
equations of radiative transfer, volume data are visualized and projected directly to the
display. Due to stochastic sample collection at intervals, volume rendering is under-
constrained, resulting in noise near the surfaces. Surface rendering only provides gradients
on the surfaces of objects, and these gradients cannot propagate smoothly in the spatial
domain. Further, the advantages of opaque surface-based renderers and volume renderers
are combined by many differentiable renderers. An overview of recent results in the
visualization field can be found in Ref. [5].

The increasing size and complexity of medical image data motivated the development
of visualization techniques that radically differ from the classical surface and volume
rendering techniques. Conveying the complex information of medical flow data along with
the relevant anatomy, for example, benefits from illustrative techniques that render the
anatomy sparsely. Thus, illustrative rendering plays a more prominent role in discussing
the extraction of various features from medical volume data and related meshes as a basis
for rendering.

5.2. Visualization Techniques and Depth Estimation for Medical Augmented Reality

Virtual reality techniques are used to integrate reality and virtuality into an augmented
scene. This integrated visualization is the goal of medical AR (augmented reality). In
medicine, it is related to the registered and fused visualization of multi-modal data from
the same patient, which requires exploring and presenting fusion information without
excessive visual clutter.

There are different types of augmented reality systems and methods, such as projection-
based augmented reality, augmented microscopes and binoculars, augmented endoscopes,
and augmented reality windows. The systems based on GPU (graphics processing unit)
are realized in real-time.

In AR, visual augmented representation requires not only appropriate display devices,
but also advanced visualization and smart visibility techniques. Now, there are many
advanced methods regarding visualization and smart visibility in medical augmented
reality. An important problem therein that needs to be addressed is occlusion and proper
depth perception.

Some widespread smart visibility techniques, such as focus-and-context visualizations,
cutaways, and ghosted views, are used to show deep-seated tumors in the context of the
enclosing organ.

Furthermore, vision depth estimation methods based on deep learning have been
widely studied in recent years [73,74].
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5.3. Specific Practical Application Examples with Machine-Learning-Based Visualization and
Augmented Reality

Machine-learning-based medical visualization and augmented reality (AR) have made
significant progress in visualization technology, enhancing both education and practical
applications in the healthcare field. Some specific practical application examples of machine-
learning-based medical visualization and AR are as follows.

A significant application of AR in medical education and surgical training is the
“Complete Anatomy” application, which utilizes augmented reality to provide interactive
and detailed visualization of human anatomy. AR has been applied in breast surgery
education, where machine-learning-assisted processing and visualization techniques were
expected to improve training results by providing real-time data and interactive learning
environments [75]. Reference [76] discussed the broader meanings of VR and AR in
spatial visualization, emphasizing their potential in medical fields. This foundational work
laid the foundation for specific applications in medical environments, where immersive
visualization can enhance understanding of anatomical structures and medical conditions.

Reference [77] presented a mobile AR 3D model registration system designed for
practical use in hospital environments. This system exemplified the shift toward patient-
specific applications, allowing for real-time visualization of medical data in non-instrument
environments. Such innovations were crucial for improving surgical accuracy and patient
outcomes, as they enabled surgeons to directly visualize complex anatomical relationships
in patients.

Additionally, a workflow for generating patient-specific 3D augmented reality models
from medical imaging data was proposed, demonstrating practical applications in surgical
planning and education [78]. This method not only aided in preoperative preparation,
but also served as a valuable educational tool for medical students and professionals,
enhancing their spatial understanding of anatomy.

Despite these advancements, challenges remain in the effective implementation of AR
and VR technologies in medicine. Issues such as depth perception in AR visualizations and
the need for seamless integration with existing medical imaging systems are critical areas
for further research [78]. Addressing these challenges will be essential for maximizing the
benefits of AR and VR in medical visualization.

In summary, recent studies emphasize the transformative potential of AR and VR in
medical visualization, with specific examples demonstrating their applications in improv-
ing surgical accuracy, patient education, and comprehensive understanding of complex
medical data. Continuous research and development in this field are crucial for over-
coming existing challenges and fully realizing the capabilities of these technologies in
clinical practice.

6. Interpretation of Medical Information with Visual Computing
6.1. Interpretation of Medical Information in High-Level Vision

As mentioned in the first section, image interpretation is considered as high-level
visual computing. An ideal visual computing system in medicine shall be able to perform
object differentiation and interpretation. A combination of image analysis and interpre-
tation is often necessary for these tasks. Here, R in F → R → v = R[F] should be the
process of interpretation with visual computing.

Visual information is analyzed and classified by visual computing, followed by label-
ing, measuring, visualizing, and exploring with visualization and interaction techniques, as
has been introduced in the last section. Further, those related to risk structures and targets
(e.g., lesions and tumors), as well as their high-level features and representation, can be
analyzed and interpreted by machine-learning-based visual computing.
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6.2. Interpretation with Visual Computing

In fact, although visual computing based on machine learning/deep learning can
achieve high accuracy, its clinical application in medicine is still limited. The most im-
portant challenges faced by existing methods are as follows: (1) the accuracy of existing
interpretable methods is usually lower than that of black box models, resulting in limited
applicability in the medical field; (2) existing methods may typically have insufficient inter-
pretability; and (3) existing deep-learning-based models consist of millions of parameters
and a ‘black box’ nature, which lead to complex decision-making mechanisms that lack
interpretability. This is unacceptable for high-risk decision-making areas, especially in
clinical medicine. Therefore, as deep-learning-based models have rapidly developed, the
demand for explainable methods has become increasingly urgent. Such methods are not
only required to provide accurate prediction results, but also to provide understandable
prediction bases.

Researchers both domestically and internationally have conducted numerous studies
on medical image analysis and visual computing based on interpretable artificial intelli-
gence models. The explainable methods developed for medical image analysis and visual
computing can be divided into model-based explainable methods and post hoc explanation
methods [79].

Model-based explainable methods are usually simple traditional machine learning
models, such as linear regression and support vector machines, which have sparsity by
nature. With the help of a limited number of features, these models can offer enough
understanding of their inner working mechanisms to model users. In contrast, post hoc
explanation methods are used to analyze trained models (such as deep learning models
like neural networks) and provide visual explanations through mathematical computation
to understand the model’s decision-making process. Such methods mainly include the
representation and visual explanation of learned features and the importance of features.
The most commonly used explainable methods in the field of medical image analysis
include visual explanation and textual explanation [6]. Visual explanation, also known
as saliency mapping, is the most commonly used explanation method in medical image
analysis, and it provides decision support by displaying the most significant parts of
the image through a saliency map. Textual explanation provides textual descriptions of
medical images, similar to a physician’s diagnostic report, such as the features of pulmonary
nodules, spiculation, and lobulation. The model outputs the corresponding diagnostic
text to achieve interpretability. For example, Ref. [80] proposed a benign/malignant lung
nodule classification method based on an improved SHapley additive exPlanations model.
Through quantitative analysis of semantic features annotated by doctors and extracted
radiomics features, the importance of each feature to the model’s decision-making is
obtained; then, a tree-based ensemble classifier model is used for classification. Further,
more researchers are adopting deep neural network-based methods for the study of the
interpretable classification of visual information.

6.3. Post Hoc Explanation Methods Based on Deep Neural Network and Class Activation Mapping

The class activation map (CAM) [81] is a method that visualizes which regions in an
image contribute the most to the classification of a specific category through the feature
maps of the last convolutional layer in a convolutional neural network. The CAM combines
the feature maps of the last convolutional layer with the weights of the classification layer
(SoftMax) using global average pooling (GAP), and outputs the class probabilities based
on the weighted spatial average map values. Subsequently, the weight matrix of the fully
connected layer is projected back onto the last convolutional layer to calculate the weighted
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feature maps and generate the class activation maps for identifying the importance of
image regions.

For a given image, suppose a CNN model obtains k feature maps Ak ∈ Rw×h, (width
w and height h in the last convolutional layer). These feature maps undergo spatial pooling
via GAP, and then a linear transformation is applied to them, yielding a score Sc

CAM for
each class, as shown in Equation (10).

Sc
CAM =
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where ωc
k is the weight of the k-th feature map corresponding to class c in the fully connected

layer and Z = wh, which is a normalization factor. Define Mc as the class activation maps,
and their spatial elements can be expressed as shown in Equation (11).

Mc =
K

∑
k=1

ωc
k Ak (11)

Gradient-weighted CAM (Grad-CAM) [82] is an improved method based on CAM. It
generates class activation maps by calculating the gradients of the target with respect to
the feature maps. Different from the conventional CAM method, Grad-CAM can provide
visual explanations for any model in the CNN family without the need for architectural
modifications or retraining. Grad-CAM calculates the gradients of the target score with
respect to the feature maps of the last convolutional layer.

Score-CAM [83] is a gradient-free visual explanation method based on CAM. It gener-
ates class activation maps by calculating the contribution scores of each feature map to the
target category. Different from Grad-CAM, Score-CAM does not need to calculate gradients.
Instead, it assesses the importance of feature maps on the target category by perturbing
them, and incorporates the importance as the increase in confidence, thus avoiding gradi-
ent saturation, gradient vanishing, and gradient noise that exist in gradient calculations.
Specifically, Score-CAM first performs forward propagation on the input image through
the CNN to obtain feature maps, upsamples them to the size of the input image, and then
uses them as masks to perturb the input image.

LayerCAM [84] is a class activation mapping method based on inter-layer correlations.
Different from previous CAM methods, LayerCAM takes into account not only the feature
maps of the last convolutional layer, but also those of the intermediate layers. LayerCAM
generates separate weights for each spatial position in the feature maps by obtaining
gradients through backpropagation. LayerCAM generates reliable class activation maps
from the information of the final convolutional and shallow layers, enabling it to obtain
both the rough spatial positions and fine-grained object details, so that more precise and
complete class-specific object regions will be generated.

6.4. Specific Practical Application Examples of Machine-Learning-Based Interpretation of Medical
Information with Visual Computing

The interpretation of complex medical information is crucial for accurate diagnosis and
treatment planning. By enabling machines to understand and interpret medical information
with machine-learning-based visual computing, healthcare providers can leverage these
insights to enhance patient care and streamline workflows. This research area focuses on
visual information integration and model interpretation, which are critical for developing
robust systems that can assist in medical diagnostics and treatment strategies. Some
specific practical application examples of machine-learning-based interpretation of medical
information with visual computing are as follows.



Mathematics 2025, 13, 1723 20 of 29

Reference [85] introduced a multi-modal transformer network designed to generate
radiology reports by integrating chest X-ray images with patient demographic data. This
method illustrated how visual computing enhanced the synthesis of patient-specific medical
information, thereby improving the accuracy and relevance of radiological interpretations.

The role of machine-learning-based interpretation of medical information with visual
computing extends beyond mere image analysis; further, it also involves the development
of clinical decision support systems that leverage visual data to provide actionable insights
to healthcare professionals [86]. These systems can improve patient outcomes by facilitating
timely and informed decisions based on comprehensive visual and contextual data.

The integration of explainable artificial intelligence (XAI) in medical applications
has gained significant attention, particularly through the application of class activation
mapping techniques, such as gradient-weighted class activation mapping (Grad-CAM).
Reference [87] investigated the role of Grad-CAM heatmaps in assisting medical profes-
sionals, especially radiologists, in making diagnoses. Their research findings indicated that
radiologists found these heat maps to be beneficial, suggesting that visual interpretation
could enhance the diagnostic process by providing insights into machine-learning-based
classifications. This aligns with the broader goal of XAI to make AI (artificial intelligence)
systems more interpretable and trustworthy in clinical settings.

Reference [88] developed a deep learning model for classifying chest X-ray images
into categories such as COVID-19, pneumonia, and tuberculosis. Their method emphasized
the importance of maintaining classification accuracy while employing XAI techniques,
thereby ensuring that the model’s predictions are not only accurate, but also interpretable.

In a comparative study, Ref. [89] introduced a new XAI framework that provided
feature interpretability for tumor decision-making in ultrasound data. They found that
their framework, referred to as Explainer, outperformed Grad-CAM in identifying relevant
features, highlighting the potential for advancements in XAI methodologies that can
provide more precise explanations for medical imaging tasks.

Reference [90] further explored the application of Grad CAM in the diagnosis of
Alzheimer’s disease. Their study demonstrated how XAI techniques enhanced the in-
terpretability of deep learning models, enabling clinical doctors to gain insights into the
decision-making processes behind diagnoses. This is crucial for fostering trust in AI systems
used in healthcare.

Reference [91] combined Grad-CAM with the ResNet50 model to create a transparent
framework for MRI image analysis and brain tumor detection. Their research emphasized
the importance of interpretability in high-stakes medical diagnostics, where understanding
the rationale behind AI predictions can significantly impact clinical outcomes.

Additionally, Ref. [92] explored the application of feature injection in convolutional
neural networks for melanoma diagnosis, using both qualitative and quantitative methods
to explain model outputs. This study complemented the findings of other researchers by
emphasizing the need for robust explanation methods that could elucidate the features
driving AI predictions.

In summary, the practical applications of machine-learning-based interpretation of
medical information through visual computing are extensive and influential, which can
improve diagnostic accuracy and clinical decision-making. The advancements in computer
vision not only facilitate a better understanding of medical images, but also contribute
to improved healthcare outcomes by enabling more accurate and timely diagnoses. The
ongoing research and development in this field are expected to further enhance the ability
of medical professionals to interpret complex medical visual information.
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7. Image-Guided Surgery as Overall Application of Visual Computing
in Medicine
7.1. Overall Application of Visual Computing

Image-guided surgery, as one of the most essential and overall applications of visual
computing in medicine, is becoming increasingly important, which is incorporating recent
visual computing technology.

Image-guided surgery, providing navigation support in surgery, involves anatomical
images obtained preoperatively and intraoperative images in the patient’s physical space.
The planning results from the preoperative images will be applied intraoperation. Pathol-
ogy is localized spatially in preoperative images; then, it is further aligned with features of
interest in intraoperative images.

Visual computing applications, including visual information acquisition, multi-model
data registration, as well as calibration and tracking, are prerequisites for intraoperative
applications. These numerous recent advancements in visual computing have been in-
troduced in previous sections “4. Processing and analysis of visual information” and “5.
Visualization, augmented reality and exploration of visual information”. Via the augmented
reality techniques introduced in Section 5.2, relevant information from preoperative images
is fused and augmented with live images (such as video images, intraoperative ultrasound,
and so on) from surgery, and will be virtually represented in image-guided surgery.

There are still many potential challenges and risks of intraoperative guidance, such
as the correct perception of virtual information, integrating AR into complex medical
workflows, and so on [93].

7.2. Specific Practical Application Examples with Machine-Learning-Based Image-Guided Surgery

The integration of machine learning and augmented reality (AR) in medicine has led
to significant advancements in visualization techniques, enhancing both educational and
practical applications in healthcare. Some specific practical application examples with
machine-learning-based medical visualization and augmented reality are as follows.

Image-guided procedures have transformed procedural medicine with advanced
imaging and technologies [94]. An example of practical application was the combination of
machine learning models with Raman spectroscopy for image guidance during prostate
biopsy to detect prostate cancer [95].

Integrating machine-learning-based visual computing and artificial intelligence (AI)
into surgical practice is another growth area. Machine-learning-based visual computing
technology is being used to enhance image-guided surgery, with applications ranging from
virtual colonoscopy to real-time imaging analysis during the surgical process [96]. With
advances in many medical fields, the potential of machine-learning-based visual computing
in improving surgical decision-making and outcomes is increasingly being recognized.

In addition, the American Society of Breast Surgeons has provided guidelines and
resources that reflect the continuous development of image-guided surgery, particularly in
the context of cancer treatment [97].

In summary, recent advancements in image-guided surgery include various innovative
technologies and methods, including machine-learning-based visual computing and robotic
assistance. These developments have the potential to improve surgical precision, enhance
patient outcomes, and shape the future of surgical oncology.

8. Challenges, Future Perspectives, and Discussion
In addition to those described in sections above, the main challenges and research

gaps, as well as future directions for addressing these issues, are covered as follows.
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8.1. Challenges and Future Perspectives Regarding Specific Medical Visual Computing Tasks
8.1.1. Medical Image Reconstruction

There are many challenges in medical image reconstruction. 1. From the perspective of
processing objects, challenges include: (1) low dose and noise issues, and (2) motion artifact
and dynamic imaging blur. Due to data quality and collection limitations in medical image
reconstruction, the typical ill-posed inverse problem-solving is one of the main challenges
in visual computing. 2. From the perspective of machine-learning-based reconstruction
methods, challenges and research gaps include: (1) Algorithm complexity and efficiency:
the bottleneck of traditional iterative methods is that iterative reconstruction algorithms
based on physical models have high computational costs cannot easily meet real-time
requirements (such as intraoperative imaging). (2) Insufficient generalization ability of
deep learning: as described in Section 1, since the medical image reconstruction task
is transformed into a machine learning task, data-driven machine learning (especially
deep learning) models are susceptible to device and protocol differences, and have weak
cross-domain generalizability.

To address the above issues, challenges, and research gaps, future research directions
include the following: (1) Physics-guided and task-driven deep learning: imaging physical
models (such as CT projection operators, MRI k-space sampling) and task-driven models
can be embedded into learning networks to improve reconstruction accuracy and robust-
ness. (2) Unsupervised and limited learning: the machine-learning-based reconstruction
methods being developed by using unsupervised and limited sample learning means that
will reduce the reliance on large amounts of high-quality annotated data. (3) Real-time and
lightweight reconstruction: model compression and distillation technology can be used in
optimization of reconstruction methods, hence facilitating the real-time reconstruction of
mobile terminal or edge computing equipment. (4) Collaborative and joint reconstruction:
the medical image reconstruction task is achieved by using multi-task machine learning
methods, which utilize complementary multimodal information to jointly optimize the
reconstruction results, hence reducing generalization error.

8.1.2. Segmentation

There are many challenges in medical image segmentation. 1. From the perspective of
processing objects, challenges include: (1) low contrast and ambiguity in low-level feature
space, (2) anatomical and appearance variability, (3) noise and artifacts, and (4) dynamic
and moving structures. 2. From the perspective of machine-learning-based segmentation
methods, challenges and research gaps include the following: (1) Limited training data:
Medical datasets are often small due to privacy concerns, high costs, and the need for expert
annotations. Limited training data can hinder the performance of machine-learning-based
segmentation models. (2) Data limitations (lack of diversity, high annotation cost): Medical
image data are limited by rare cases, equipment differences (such as different MRI/CT
manufacturers), imaging parameters, etc., resulting in limited model generalizability. Re-
lying on expert annotation (such as tumor boundary delineation) is time-consuming and
labor-intensive, and is easily influenced by subjectivity. (3) Class imbalance: Some regions
of interest may occupy only a small portion of the image, leading to class imbalance during
training. This can reduce the model’s ability to detect rare or small structures. (4) Lack of
standardization: There is no universal standard for defining or annotating medical image
segments. This lack of standardization can lead to inconsistencies in segmentation results.
(5) Model robustness and generalization across domains: Segmentation models trained
on one dataset may not generalize well to other datasets or patient populations. Domain
adaptation techniques are often required to address this issue. (6) Small sample learning:
How to achieve high-precision segmentation with limited annotations for rare diseases or
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new modal data (such as photoacoustic imaging). (7) Interpretability and explainability:
Automated segmentation models, especially deep-learning-based ones, often lack inter-
pretability. (8) Continuous model updates: As new imaging techniques and pathologies
emerge, segmentation models need to be continuously updated and retrained. (9) Scal-
ability, computational cost, and real-time processing: In clinical settings, segmentation
often needs to be performed in real-time to aid decision-making. Scalable and efficient
algorithms are needed to handle large datasets in real-time.

To address the above issues, challenges, and research gaps, future research directions
include the following. (1) Representation learning, heterogeneous data fusion, and seg-
mentation in high-level feature space: how to effectively extract good high-level features,
by integrating multi-modal information, or by combining with other tasks (such as rep-
resentation learning, classification, and prognosis prediction), can improve segmentation
performance. (2) Self-supervised and weakly supervised learning: Pre-train with unlabeled
data (such as contrastive learning), or reduce dependence on fully annotated data through
weak supervision. (3) Cross-modal generation and data argument: Generative adversarial
networks or diffusion models are used to achieve data argument and enhance the model’s
generalizability. (4) Interpretability and credibility: Develop visualization tools (such as
attention maps) to help doctors understand the decision-making logic of models. (5) Dy-
namic and real-time segmentation: Combining temporal information or reinforcement
learning to achieve real-time segmentation and adaptive adjustment during surgery.

8.1.3. Medical Image Registration

There are many challenges in medical image registration. 1. From the perspective of
processing objects, challenges include the following. (1) Difficulty in multimodal alignment:
Images from different imaging devices (such as MRI, CT, or ultrasound) or at different
time points have differences in contrast, resolution, and anatomical structure, leading to
a decrease in registration accuracy. (2) Pathological interference: Abnormal anatomical
structures in the lesion area (such as tumors and edema) may mislead the registration
model, and targeted optimization of deformation constraints is needed. (3) Non-rigid de-
formation modeling: Organ movements (such as respiration and heartbeat) or pathological
deformations (such as tumor growth) require complex nonlinear registration algorithms,
which are computationally expensive and prone to overfitting. 2. From the perspective of
machine-learning-based registration methods, challenges and research gaps include the
following. (1) Lack of gold standard, annotation dependency, and weak supervision: True
labels require manual annotation by experts (such as anatomical landmarks or deformation
fields), but the annotation process is time-consuming and subjective, especially for dynamic
or pathological data. It is difficult for existing methods to achieve high-precision registration
solely through image similarity measures (such as mutual information), and more robust
weakly supervised strategies need to be explored. Computational efficiency and real-time
performance: The registration of 3D/4D medical images (such as dynamic MRI) requires
the processing of massive amounts of data, and it is difficult for traditional methods to
meet real-time requirements (such as intraoperative navigation). (2) Domain generalization
and robustness: The generalization and robustness of the registration algorithm in domain
shift issues need to be addressed.

To address the above issues, challenges, and research gaps, future research directions
include the following. (1) Self-supervised and unsupervised learning: Develop a registra-
tion framework based on the intrinsic similarity of images, such as contrastive learning and
generative adversarial networks, to reduce reliance on annotated data. (2) Optimization
and regularization: Develop spatiotemporal joint modeling methods (such as optical flow
methods) for dynamic imaging. Optimize the parameterization methods of deformation
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fields (such as sparse representation and low-rank decomposition) to reduce computational
complexity. By combining clinical prior knowledge (such as organ movement patterns)
to constrain the deformation field, ensure that the results conform to anatomical logic.
(3) Multi-task joint learning: Design a unified framework to simultaneously handle tasks
such as registration, segmentation, and reconstruction, and utilize collaborative effects
between tasks to improve performance (such as segmentation mask-guided registration).
(4) Lightweight and real-time algorithms: Develop efficient models based on neural ar-
chitecture search or knowledge distillation to adapt to edge computing devices (such as
surgical robots). Explore the application of real-time dynamic registration in interventional
therapy, such as radiotherapy target tracking.

8.2. Challenges, Future Perspectives, and Discussion of Visual Computing in Medicine
8.2.1. Challenges and Future Perspectives of Overall Medical Visual Computing

There are many challenges and research gaps in overall medical visual computing
below. (1) Data complexity and heterogeneity: Most machine learning models are data-
hungry, but medical data are scarce. Fusing diverse medical imaging data (e.g., CT, MRI,
ultrasound) with clinical text or genomic data while preserving critical diagnostic features.
There are limited labeled data, high annotation costs for medical datasets (e.g., pixel-
level segmentation in pathology slides), and class imbalances in rare diseases. (2) Model
generalizability, interpretability, and trust: Learning-based visual computing models are
often black box models, yet clinicians require explainable visual computing models to
validate diagnostic decisions. The interaction relationship between different modalities
cannot easily be clearly revealed by existing explanatory methods. Models trained on
narrow datasets may fail in diverse populations or atypical cases. (3) Real-time clinical
integration: There are delays in rendering 3D/4D reconstructions or augmented reality
overlays during surgery or emergency care. (4) Ethical and regulatory barriers: There are
barriers in data-sharing for model training, privacy protection, and regulatory approval.

To address the above issues, challenges, and research gaps, in addition to the key
points mentioned in the previous sections, other future research directions include the
following. (1) Cross-modal representation learning and deep learning-driven data fusion:
Leverage transformers or contrastive learning to extract shared features from heterogeneous
modalities. Apply attention mechanisms to prioritize useful features and clinically signifi-
cant regions during fusion. Combine visual, auditory, and haptic feedback for immersive
experiences. (2) Integration of model design and interpretability: Consider interpretability
during the model design phase, such as by introducing interpretable structures or rule
embeddings. Develop a new model architecture that enhances the interpretability of the
model itself without relying on external interpretation tools. Integrate domain knowledge
(such as computer vision) with deep learning models to enhance the credibility and accu-
racy of explanations. Using knowledge graphs or symbolic reasoning methods, link the
decision-making process of the model with a human-understandable knowledge system.
(3) Federated learning and collaborative AI (artificial intelligence): Build a distributed
training framework that allows hospitals to share model parameters instead of raw data.
(4) Edge computing: Deploy lightweight visual computing models on portable devices. (5)
Augmented reality (AR) innovations: Holographic guidance and context-aware interfaces
are used in the surgical phase. (6) Robotic integration: Autonomous subsystems, haptic
feedback, and reinforcement learning are used.

8.2.2. Discussion of Machine-Learning-Based Visual Computing in Medicine

Over the past decade, machine-learning-based methods for visual computing in
medicine have been attracting increasing research interest. In this paper, the systematic
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implementation of machine-learning-based vision computing in medicine is comprehen-
sively introduced and surveyed. This paper focuses on how to use machine learning
methods to transform medical visual computing tasks (such as medical image reconstruc-
tion, analysis, and visualization) into data-driven learning problems with high-level feature
representation, while exploring their effectiveness in key medical applications, such as
image-guided surgery. Meanwhile, this review paper investigates fully challenges and
explores future directions regarding machine-learning-based medical visual computing
with high-level features.

However, there are still some limitations in this study as follows. (1) Due to the
limitations of journal topics, research areas, and length requirements, this study does
not provide a detailed discussion of imaging physics systems, despite the importance of
imaging devices in medical visual computing. (2) Due to length requirements, the focus
of this paper is on overall medical visual computing, high-level feature learning, and
machine-learning-based medical visual computing with high-level features. However,
tasks in machine learning, such as its detailed implementation, optimization computing,
and classification recognition in feature space, have not been discussed in detail.

9. Conclusions
This review paper fully captures and analyzes systematically the recent advancements

in visual computing in medicine. Beginning with a review of the fundamentals of learning-
based visual computing, this investigation incorporated widely used and novel machine
learning methods for visual computing in medicine.

To summarize, the major research findings of this review paper are as follows. (1)
Machine-learning-based overall vision computing in medicine, as well as its systematic im-
plementation, is comprehensively introduced and surveyed in this survey. (2) Meanwhile,
this paper reviews how to use machine learning methods to transform medical visual
computing tasks into data-driven learning problems with high-level feature representation,
while exploring their effectiveness in key medical applications, such as image-guided
surgery. (3) Furthermore, insights are provided into challenges and future directions re-
garding machine-learning-based medical visual computing with high-level features, aiming
to guide future research in this rapidly evolving field.

Future recommendations for visual computing in medicine include: (1) developing
a more intuitive and dynamic visual computing platform, AR innovations, and robotic
integration to effectively and efficiently handle complex, high-dimensional data and high-
level feature information; (2) enhancing interoperability and fusion between different
visualization modalities and extracting generalized and discriminative features integrating
regularized machine learning methods can reduce generalization error and further improve
clinical decision-making; (3) ensuring transparency in visual feature representations and
developing interpretability in machine learning based visual computing are crucial for
medical applications and clinical adoption.
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