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A B S T R A C T   

The aim of radiotherapy (RT) is to deliver prescribed doses to tumors while sparing neighboring organs at 
risk. As the demand for treatment precision increases in modern RT, intrafractional motion management 
becomes critical for achieving high precision, particularly for tumors in the thorax and abdomen that are 
affected by respiration and other physiological motions. Deep learning (DL) has demonstrated strong po
tential in addressing the limitations of conventional methods by enabling rapid and accurate tumor motion 
detection, tumor location prediction, and management measures. This review provides a comprehensive 
overview of recent DL-based applications in intrafractional motion management, which are categorized into 
three areas: (1) tumor motion detection for real-time tumor localization, (2) tumor location prediction to 
compensate for the latency of the motion management system, and (3) management measures, including 
gating and real-time adaptive RT. In addition, this review discusses key challenges and their potential so
lutions for DL-based motion management.   

1. Introduction 

Radiotherapy (RT) has proven efficient for various cancers.1–4 As 
the demand for treatment precision increases in modern RT, addressing 
the challenges posed by intrafractional motion becomes essential. In
trafractional motion can generally be divided into two types: faster, 
periodic motion, such as respiration and heartbeat, and slower, non
periodic motion, such as bladder filling and peristalsis. Both can affect 
dose delivery accuracy and thus require continuous monitoring and 
appropriate measures to minimize the impact. 

Effectively managing motion is difficult, as it requires both high 
spatial precision and rapid management. It involves real-time tumor 
detection and the application of different measures depending on the 
extent of motion: (1) margin expansion5 (using the expanded planning 
target volume as the target of treatment to avoid underdosing caused by 
tumor motion), (2) breath-hold method6 (instructing the patient to hold 
their breath at a predefined phase of the respiratory cycle), (3) ab
dominal compression7 (forcing the patient to breathe shallowly by 
applying external pressure to the abdomen), (4) gating8,9 (activating 
the beam only when the tumor or its surrogate remains within a pre
defined threshold), (5) beam tracking10 (dynamically adjusting the 
beam to follow tumor motion), and (6) real-time adaptive radiotherapy 
(ART)11 (reoptimizing the treatment plan based on the current 
anatomy). 

However, there is an inevitable time delay between tumor motion 
detection and the corresponding measures. During this latency period, 
the tumor location changes continuously. The American Association of 
Physicists in Medicine Task Group 76 report12 recommends that the 
total system delay for real-time detection and compensation should be 
kept below 0.5 s. It is necessary to predict the future location of the 
tumor, which enables the system to anticipate motion and initiate 
timely corrective actions. 

To deal with this issue, various intrafractional motion management 
methods have been developed; however, direct detection and man
agement are impractical due to technical and anatomical limitations. 
The rapid advancement of deep learning (DL) has enabled its wide
spread application in motion detection, tumor location prediction, and 
management measures across multiple disease sites and imaging mod
alities, including magnetic resonance imaging (MRI), computed tomo
graphy (CT), and ultrasound. Leveraging these capabilities, a variety of 
methods have been proposed that offer promising solutions to the 
challenges of fast and complex anatomical changes during treatment 
delivery. 

As shown in Figure 1, applications in motion management have in
creased in recent years, with a major contribution from DL methods. This 
article provides a comprehensive overview of DL-based methods for in
trafractional motion management, highlighting representative models and 
discussing existing challenges and possible solutions. Figure 2 illustrates the 
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classification of these DL applications, which are categorized into three 
major domains: tumor motion detection, tumor location prediction, and 
corresponding management measures, each encompassing various techni
ques. 

2. DL in tumor motion detection 

The first step in intrafractional motion management is accurate and 
timely real-time detection of the tumor or its surrogate. To provide a 
clearer comparison of relevant studies, we categorized existing DL- 
based tumor detection methods into four subgroups: image detection, 
external surrogate signal detection, marker-based motion detection, 
and markerless motion detection. 

2.1. Image detection 

Continuous image acquisition during treatment is the most direct 
method for monitoring tumor motion. DL-based image detection has 
shown great performance in this task. A key method involves inferring 

3D volumetric information from real-time 2D images through fast 
image reconstruction. For MRI reconstruction, Liu et al.13 developed a 
geometry-informed framework capable of estimating volumetric data 
with subsecond acquisition times. Their method further integrates im
plicit neural representation learning combined with prior anatomical 
information, enabling fast and accurate 3D MRI reconstruction from 
orthogonal cine-magnetic resonance images.14 For CT reconstruction, 
Lei et al.15 employed generative adversarial learning to enable a more 
realistic 2D-to-3D transformation. The proposed TransNet network 
comprises three parts: an encoding module, a transformation module, 
and a decoding module. To facilitate the performance of the model, 
they devised the conventional loss function of the generative adver
sarial network by introducing perceptual loss. 

2.2. External surrogate signal detection 

In addition to direct motion detection methods that rely on imaging, 
indirect methods based on external surrogates are widely used. 
Thoracic and abdominal tumors are significantly affected by respiratory 

Figure 1. Publication volume from PubMed topic search. Keywords: "deep learning," "radiotherapy," "tumor detection," "motion prediction," and "real-time dose 
calculation". 
Abbreviations: 1. DL: deep learning 2. RT: radiotherapy. 

Figure 2. Classification of DL applications in motion management for RT. 
Abbreviations: 1. DL: deep learning 2. RT: radiotherapy 3. ART: adaptive radiotherapy. 
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motion, and surface movements captured by optical or infrared systems 
can be employed as surrogates to estimate the respiratory signal, which 
is then correlated with internal tumor motion. 

Multiple research groups have utilized surface motion as a surrogate 
to estimate internal tumor location. Huang et al.16 developed a patient- 
specific model that predicts principal component analysis-compressed 
deformation vector fields (DVFs) from body surface displacement to 
generate real-time 4D images. Zhang et al.17 introduced 3D-U-RAD, a U- 
Net-based architecture that integrates surface deformation, anatomical 
masks, and deformation priors to directly predict a 3D tumor mask. In 
addition, Shao et al.18 proposed Surf-X-Bio, a hybrid architecture that 
combines surface imaging and single X-ray projection, in which deep 
models estimate boundary motion and use biomechanical modeling to 
correlate internal tumor locations. 

2.3. Marker-based motion detection 

Fiducial markers implanted near the tumor serve as internal surro
gates for certain tumor types. Unlike external surrogates, which require 
internal/external correlation models, implanted markers are typically 
assumed to move with the tumor, allowing direct estimation of tumor 
motion from their trajectories. 

Fiducial markers used in conjunction with kilovoltage projections 
are the most often employed.19–22 For example, Liang et al.20 trained a 
fully convolutional network–based detection model to localize the fi
ducial markers in orthogonal X-ray images. The 3D marker locations 
were reconstructed using the model’s outputs and then used to evaluate 
intrafractional motion via rigid transformation. The marker-based 
motion detection methods are summarized in Table 1. 

Megavoltage (MV) imaging is ideal for marker motion detection, as 
it requires no additional equipment and captures images along the 
treatment beam view. However, its use is limited due to low image 
contrast and beam modulation, whereby multileaf collimator (MLC) 
leaves may temporarily obscure the markers. Chrystall et al.23 devel
oped an MV-based detection system using a convolutional neural net
work classifier for fast segmentation of implanted markers in prostate 
stereotactic body radiation therapy, which demonstrated high accuracy 
in identifying markers. 

2.4. Markerless motion detection 

Fiducial markers are not suitable for all patients due to risks such as 
hemorrhage and potential migration. In contrast, markerless methods 
avoid surgical implantation, reducing patient discomfort and additional 
costs. In markerless motion detection, DL-based methods can be cate
gorized into three types according to the output they generate, ranging 
from basic localization to the comprehensive estimation of DVFs. 

The first category includes methods that localize tumors using 
bounding boxes or point coordinates on dynamic images, which mainly 
capture rigid motion.24–34 While they offer real-time information, they 
do not account for tumor deformation or interaction with the sur
rounding organs at risk, limiting their ability to reflect intrafractional 
anatomical changes. Zhao et al.25 combined a region proposal network 
with a target detection network, with the latter taking the output of the 
region proposal network as the input. To train this network, the plan
ning CT images were deformed to mimic different anatomy scenarios, 
and the deformed images were used to generate digitally reconstructed 
radiographs that incorporated the tumor location. The authors also 
investigated the model’s performance in pancreatic cancer.26 

The second is a real-time contouring method in which DL models 
generate gross tumor volume (GTV) or clinical target volume masks for 
various tumor sites.35–38 Compared to simple localization, contouring 
provides more information by outlining the target and indicating pos
sible deformation. Zhou et al. investigated the feasibility of real-time 
contouring in thoracic and abdominal tumors. In lung cancer,36 they 
used a ResNet and a feature pyramid network to predict the GTV Ta
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contour on X-ray images. The 3D location of the GTV was then calcu
lated according to the centroids of the predicted contours in two or
thogonal images. In pancreatic cancer,35 a mask region-based CNN 
model was used to perform clinical target volume detection. ResNet and 
a feature pyramid network were used as the backbone to extract fea
tures, and the model was pretrained using the COCO dataset. 

When direct tumor visualization is challenging, an alternative is to 
contour surrounding anatomical structures that maintain a stable spa
tial relationship with the tumor to infer its motion. Edmunds et al.39 

segmented the diaphragm for lung tumor detection. A mask region- 
based CNN was trained on 3,499 cone-beam CT (CBCT) images from 10 
patients. The model detects real-time diaphragm motion with a mean 
error of 4.4 mm, without manual intervention. 

The most comprehensive methods achieve tumor detection by pre
dicting DVFs using various image modalities, including MRI,40–46 X-ray 
imaging,47–50, and ultrasound.51 These methods capture motion at the 
pixel or voxel level, enabling detailed visualization of intrafractional 
anatomical changes. Some studies have further utilized the predicted 
DVFs to generate synthetic real-time images or contours, improving 
both visualization and clinical utility. 

For instance, Shao et al.49,52 improved the accuracy of automatic 
liver tumor detection. In their earlier study,52 3D liver boundary DVFs 
were optimized by intensity-driven 2D-3D deformable registration be
tween prior 3D CT/CBCT images and sparsed projections distributed 
over a full scan angle. These DVFs were then used as boundary condi
tions in a biomechanical model to improve the solution to intraliver 
tumor motion. Building upon this framework, their subsequent study49 

replaced the computationally intensive registration step with a graph 
neural network, which directly estimated liver surface deformation 
from a single onboard X-ray projection, greatly improving inference 
speed and allowing near real-time performance (<100 ms). The mar
kerless motion detection methods are summarized in Table 2. 

3. DL in tumor location prediction 

Due to the time delay between motion detection and management, 
the system inevitably lags behind in terms of the tumor’s actual loca
tion. Accurate location prediction is therefore essential to compensate 
for system latency and enable timely management measures. DL-based 
tumor location prediction methods are divided into three subgroups: 
image prediction, external surrogate signal prediction, and markerless 
motion prediction. 

3.1. Image prediction 

The long short-term memory (LSTM)-based framework is a main
stream paradigm in spatiotemporal image series forecasting. Weng 
et al.54 incorporated a convolutional layer within the LSTM layer 
(ConvLSTM) to predict future cine-magnetic resonance by image series 
acquired in past moments, cropping specific regions of interest as the 
model input instead of whole images. Jin et al.55 proposed a pix2
pixGAN with the generator replaced by ConvLSTM for a similar task. 
Ghasemi et al.56 employed two network architectures—a stacked 
ConvLSTM with hyperparameter optimization and a newly designed 
parallel ConvLSTM model—to predict spatiotemporal 4DCT images. 

3.2. External surrogate signal prediction 

Most external surrogate signal prediction studies have simplified 
respiratory signals into 1D superior–inferior directional displacement, 
since it represents the dominant component of tumor motion induced 
by respiration.57–65 Sun et al.58 applied an adaptive boosting and 
multilayer perceptron neural network framework to enhance the pre
diction accuracy of respiratory signals. Lin et al.62 were the first to 
introduce LSTM to address the respiratory prediction task in 500 ms. Yu 
et al.59 proposed a bidirectional gated recurrent unit, another variant of 

a recurrent neural network, to mitigate the relatively long update times 
associated with LSTM. Furthermore, to overcome the weak long-term 
dependency modeling of recurrent neural network–based methods, Tan 
et al.61 simplified the transformer encoder architecture and proposed a 
novel long-term information enhancement module to achieve real-time 
respiratory signal prediction. In contrast to these 1D prediction 
methods, Pohl et al.66 uniquely predicted 3D respiratory motion, pro
viding a more comprehensive representation of tumor trajectories. 

In addition to the accurate prediction of intrafractional respiratory 
motion, establishing a reliable correlation between external respiratory 
signals and internal tumor motion is important. The superiority of DL 
architectures in modeling this relationship has been demonstrated in 
previous studies. Teo et al.67 focused on online neural network opti
mization and proposed a model composed of three multilayer percep
tron neural networks. Similarly, Wang et al.68 employed an LSTM 
network to predict external respiratory motion signals and subsequently 
established correlation models between external and internal motion. 
The external surrogate signal prediction methods are summarized in  
Table 3. 

3.3. Markerless location prediction 

DL-based methods for markerless location prediction can be broadly 
categorized into two types based on their predicted outputs. The first 
type focuses on predicting the coordinates of the target, such as the 
tumor centroid or bounding box location. Huang et al.70 proposed a 
CNN-CLSTM architecture that integrates attention mechanisms with 
temporal modeling to enable accurate predictions. The model takes 2D 
ultrasound image sequences as input and outputs the 2D coordinates of 
internal landmarks, along with a bounding box for each frame. Lom
bardo et al.71 developed offline and online LSTM-based models to 
predict future tumor locations in the superior–inferior direction using 
prior trajectories extracted from 2D cine-MRI, effectively forecasting 
respiratory-induced tumor motion. 

The second type predicts future DVFs. Romaguera et al.72–74 con
ducted a series of studies across different imaging modalities, including 
MRI, ultrasound, and CT, to estimate 2D or 3D DVFs using different 
architectures. The markerless location prediction methods are sum
marized in Table 4. 

4. DL in management measures 

Depending on the extent of intrafractional motion, DL-based man
agement can be broadly categorized into margin expansion, breath-hold 
methods, forced shallow breathing with abdominal compression, re
spiratory gating, beam tracking, and real-time ART. Among these, beam 
tracking and real-time ART manage motion by changing the radiation 
beam. The key difference lies in their complexity: Beam tracking adjusts 
MLCs dynamically by the shape and movement of the tumor, whereas 
real-time ART requires a more comprehensive plan reoptimization and 
dose recalculation process to account for motion-induced variations. 
Most DL-related studies have focused on gating and dose calculation in 
real-time ART, which is discussed in detail below. 

4.1. Gating 

Respiratory-gated RT reduces normal tissue complications for mo
bile tumors in the thorax and abdomen. After detecting and predicting 
the tumor’s location using the methods stated above, optimizing the 
gating window is important. 

While no DL-related studies have been researched, a few early works 
have applied conventional machine learning methods to inform gating 
selection. Both Lin et al.76 and Li et al.77 addressed markerless fluoro
scopic gating using machine learning by reformulating the beam on/off 
decision as a binary classification problem. Lin et al. conducted a sys
tematic comparison of five dimensionality reduction methods, such as 
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principal component analysis and manifold learning, combined with 
artificial neural networks and support vector machine classifiers, ulti
mately recommending principal component analysis + artificial neural 
networks for real-time applications. In contrast, Li et al. focused on 
generalized linear discriminant analysis, a supervised dimensionality 
reduction method that demonstrated superior robustness and compu
tational efficiency, particularly in low-duty cycles. Notably, it generates 
1D features, enabling faster inference while maintaining classification 
accuracy. 

Additionally, Johno et al.78 proposed a prediction-based respiratory 
gating framework to compensate for system latency in beam on/off 
control. This method employs a nearest-neighbor regression algorithm 
to perform multistep-ahead prediction of respiratory signals, allowing 
the system to anticipate and issue gating commands in advance. The 
simulation results demonstrated significant reductions in gating errors 
under regular breathing patterns. Although its structure is simple, this 
method shows an effective application of nonparametric machine 
learning in respiratory motion management. 

4.2. Real-time ART 

Real-time ART is one of the most advanced methods of intrafrac
tional motion management. However, due to challenges in imaging, 
precision, and efficiency, it has not yet been adopted in clinical prac
tice. 

The ART workflow involves three key steps, each with its own 
technical challenges. First, imaging systems must continuously monitor 
changes in patient anatomy. As described above, DVFs can be predicted 
to reflect 3D organ motion and generate corresponding images and 
contours that form the foundation of real-time adaptation. Second, 
current and prior information is used to optimize the treatment plan 
based on the available adaptive degrees of freedom, which require ef
ficient algorithms for real-time dose calculations. Third, the adapted 
plan must be delivered accurately. 

Researchers have recently been working to overcome the challenges 
of real-time dose calculations. Traditional methods are limited by 
computational efficiency and are not feasible for real-time ART. All 
used Monte Carlo simulations as ground truth to evaluate both accuracy 
and speed. 

Neishabouri et al.79 introduced an LSTM model for dose prediction 
in heterogeneous tissues and demonstrated high accuracy (γ-pass 
>98%) and sub-20 ms inference times per beam, but with limited 
generalizability and clinical integration. Building on this study, their 
proposed CC-LSTM is a compact convolutional LSTM architecture 
capable of predicting monoenergetic dose distributions at millisecond 
speed per beamlet and subminute full-plan inference. The model re
duced the number of parameters by 98%, and its lightweight design is 
more suitable for real-time ART deployment.80 Unlike other studies 
focusing on proton therapy, Maier et al.81 addressed real-time photon- 
based estimation for patient-specific dose distributions in diagnostic CT 
imaging. Their model achieved Monte Carlo–level accuracy within 1.5 s 
per scan without requiring acquisition parameters, enabling on-the-fly 
CT dosimetry. They identified that this method could be used in a si
milar way for real-time ART. Table 5 summarizes studies focusing on 
accelerating dose prediction without compromising accuracy. 

5. Challenges and potential solutions 

Despite the growing number of DL-driven methods for real-time 
motion management in RT, some challenges and possible solutions still 
need to be addressed. 

5.1. Data limitations 

Data limitations are among the most fundamental challenges in 
applying DL to intrafractional motion management. As models become Ta
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increasingly complex and depend on large-scale, diverse datasets, sig
nificant variability across institutions, including differences in imaging 
protocols, reconstruction algorithms, registration techniques, and an
notation standards, leads to high data heterogeneity. This inconsistency 
reduces model reliability, limits reproducibility, and impairs general
izability across clinical environments. 

In addition, data privacy and security are also concerns. Most DL models 
rely on patient imaging and treatment data that contain sensitive informa
tion. However, legal and ethical restrictions often prevent cross-institutional 
data sharing, making it difficult for researchers to access the diverse, high- 
quality data necessary to build robust and clinically applicable models. 

To address these challenges, several possible solutions can be con
sidered. On the one hand, data standardization is essential for im
proving model reliability and generalizability across institutions. 
Recommended measures include spatial resampling to unify voxel size, 
intensity normalization across imaging modalities, and the use of 
standardized annotation protocols, such as consistent label definitions 
and naming conventions, to reduce intercenter variability. 

On the other hand, national medical institutions can lead the de
velopment of anonymized, standardized multicenter databases by co
ordinating unified deidentification and annotation processes. This 
would support compliant data sharing and collaborative research. In 
parallel, an alternative solution could involve publishing pretrained 
models and enabling local fine-tuning at each institution. This would 
avoid direct data transfer, protect patient privacy, and allow models to 
adapt to local clinical settings. However, successful implementation 
requires transparency in terms of code and architecture, as well as 
cross-institutional collaboration. 

Thus, building a technically feasible, privacy-conscious, and collabora
tively managed framework for data standardization and governance is es
sential for the safe and sustainable adoption of DL models in clinical RT. 

5.2. Computational efficiency 

Another key challenge in motion management is the high demand 
for computational efficiency. Since the beam delivery system requires 

time to respond to tumor location updates, motion prediction is es
sential for latency compensation. The irregularity of the breathing cycle 
presents challenges for predicting more than 0.5 s ahead. Therefore, the 
American Association of Physicists in Medicine Task Group 76 report12 

defines that the total time delay of a real-time detection/compensation 
system should be below 0.5 s. To succeed, the system needs to do four 
things within an extremely short time: identify the tumor location, 
anticipate the tumor motion to allow for time delays in the beam-po
sitioning system, reposition the beam, and adapt the dosimetry. 

Since the first three steps can typically be completed shortly, the 
most time-consuming component lies in real-time dose calculation and 
plan optimization. DL offers a promising solution by leveraging high- 
performance parallel computing architectures and replacing traditional 
iterative algorithms with one-step regression models, significantly re
ducing computational complexity. Therefore, developing efficient and 
accurate DL-based algorithms for dose calculation and optimization is 
key to minimizing system latency. 

However, most mainstream DL architectures remain complex and 
have limited computational efficiency. Future efforts should focus on 
designing lightweight network architectures tailored for dose calcula
tion and plan optimization. Further improvements can be achieved by 
employing multi-GPU systems to accelerate processing. 

5.3. Implementation barriers to real-time ART 

As previously noted, real-time ART involves three key steps: con
tinuous imaging, real-time plan adaptation, and accurate dose delivery. 
These processes must be performed under strict time constraints while 
ensuring high accuracy and robustness, which is technically de
manding. While cine-MRI enables nonionizing dynamic imaging, it is 
still limited in spatial coverage and temporal resolution. Moreover, the 
real-time ART process increasingly relies on DL models. Unlike single- 
step tasks, such as auto-segmentation, real-time ART simultaneously 
integrates multiple DL modules, leaving little room for human correc
tion. Any undetected error during DL inference could directly affect 
patient safety. 

Table 5 
Summary of real-time dose calculation publications.      

Reference Dataset Architecture Results  

Maier et al.81 Whole-body CT scans from 45 patients for 
training and eight CT from the Visceral 
dataset for testing 

U-Net The method achieved dose distributions comparable to MC 
simulations, with γ-passing rates of ≥91%. It enabled real-time 
inference (∼1.5 s per scan) while maintaining high accuracy across 
various scan protocols. 

Neishabouri et al.80 Ninety low-grade-glioma patients ConvLSTM The model had a γ-pass rate of 97.8% and a peak dose deviation of 
3.9%. It enabled 3.6–5.6 ms per pencil beam and a 1 s inference for 
per iso-energy surface. 

Neishabouri et al.79 Water box phantoms and six lung cancer 
patients 

LSTM The LSTM model achieved up to a 98.6% γ-index pass rate on 
phantoms and 98.5% on patient data, closely matching MC accuracy. 
The prediction time was 1.5 ms per pencil beam. 

Pastor-Serrano et al.82 Thirty patients (lung, prostate, and head 
and neck) 

Dose transformer 
algorithm 

It had a γ-pass rate of 99.37% (1%, 3 mm) for single beamlets and  
≥94.7% for full treatment plans, while reducing computation time to 
5 ms per beamlet and under 15 s for entire plans. 

Xiao et al.83 Thirty-three prostate cancer patients LSTM The model predicted prompt gamma emission distributions with a γ- 
pass rate of up to 99.1% and a range deviation as low as 0.11 mm, 
closely matching MC results. It achieved prediction times of under 
130 ms per pencil beam. 

Radonic et al.84 Thirty-five prostate cancer patients (25 
patients for training and 10 for testing). 

LSTM The model had γ-pass rates of up to 99.9% and range errors less than 
0.5 mm compared to MC, enabling real-time inference at ∼65 ms per 
pencil beam. 

Wang et al.85 Eighty-five prostate cancer patients Recurrent U-Net Compared to the baseline model, the proposed model had a smaller 
MSE (3.03% vs. 2.05%), a higher γ-passing rate (97.42% vs. 93.69%), 
and a prediction time of  <  0.5 s for each fold. 

Zhang et al.86 One hundred and three prostate cancer 
patients and 83 lung cancer patients 

3D U-Net The beam mask method improved the γ-passing rate, and the sliding 
window method further improved it (for prostate cancer, targets: 
96.93% ± 0.53% vs. 98.88% ± 0.49% vs. 99.97% ± 0.07%, body: 
86.88% ± 0.74% vs. 93.21% ± 0.56% vs. 95.17% ± 0.59%). 

Abbreviations: 1. LSTM: long short-term memory, 2. ConvLSTM: convolutional layer within LSTM layer, 3. MC: Monte Carlo 4. MSE: mean square error 5. CT: 
computed tomography.  
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Workflow integration is also a major challenge. Real-time ART re
quires tight coordination between imaging, planning, and delivery 
systems, placing high demands on infrastructure and staff. Additionally, 
a lack of prospective clinical trials limits its regulatory approval and 
broader adoption. 

Future research should focus on developing lightweight and reliable 
DL models that are compatible with existing clinical platforms. 
Addressing these challenges is key to making real-time ART a safe and 
practical solution in routine RT. 

6. Discussion 

Motion management techniques in RT have evolved from margin 
expansion to gating, tumor tracking, and, more recently, real-time ART, 
with each stage addressing the limitations of the previous one. 

Margin expansion, based on clinical experience or 4DCT-derived 
motion envelopes, could not account for real-time intrafractional mo
tion. Around the 1990s, gating techniques were introduced, enabling 
beam on/off by the relative relationship between the tumor and its 
reference position. While this improved motion compensation, its ap
plicability was limited, particularly in nonperiodic motion (e.g., 
bladder filling), and treatment efficiency was reduced under free 
breathing. 

Then, tumor detection techniques emerged in the early 2000s, 
progressing from invasive marker-based and indirectly surrogate-based 
methods to markerless methods. Each imaging modality introduced 
specific challenges: X-ray projection suffers from poor soft-tissue con
trast and radiation exposure; MV imaging offers limited contrast and 
field of view; MR-Linac systems, available clinically since 2018, provide 
high soft-tissue contrast without radiation but are typically limited to 
2D cine acquisitions, with reduced visibility outside the imaging 
plane.After this, beam tracking also evolved, from rigid robotic tracking 
(e.g., CyberKnife), which lacks dose conformality, to MLC-based 
tracking. However, MLC tracking lacks real-time dose feedback, hin
dering accurate assessments. 

Most recently, real-time ART has emerged as a promising solution, 
integrating real-time imaging and adaptive feedback to update treat
ment plans dynamically. While offering the potential for highly perso
nalized precision therapy, ART poses significant demands on imaging 
speed, computing capacity, and system integration. 

While DL has shown promise across various imaging modalities, 
systematically comparing model performance among MRI, ultrasound, 
and X-ray remains challenging. Each modality differs substantially in 
acquisition principles and image characteristics, thereby directly af
fecting DL model design and performance. 

For instance, ultrasound and cine-MRI are both time-resolved slice-based 
techniques, but ultrasound images are typically noisy, low in contrast, and 
subject to probe-induced variability. This requires DL models with high 
robustness and strong feature extraction capabilities. Cine-MRI, by contrast, 
offers high soft-tissue contrast and consistent acquisition but lacks out-of- 
plane motion information, demanding interpolation or reconstruction from 
sparse slices. X-ray projection imaging suffers from overlapping structures 
and poor soft tissue contrast, thereby requiring DL models to infer motion 
from ambiguous intensity cues. 

Due to these modality-specific challenges, it is difficult to design a 
unified model architecture that performs equally well across all modalities. 
Moreover, conducting a fair cross-modality comparison using the same 
patient cohort is rarely feasible due to clinical, logistical, and ethical con
straints. As a result, most existing studies were modality-specific, and direct 
performance comparisons were nontrivial. Future efforts involving multi
modal datasets, standardized protocols, and harmonized evaluation criteria 
will be critical for enabling more systematic and clinically meaningful 
comparisons across imaging modalities. 

Thus, with the advancement of DL technologies, many limitations of 
traditional methods, such as low computational efficiency and limited 
accuracy, have significantly improved. As DL continues to integrate 

with RT, these technologies are steadily evolving toward greater clin
ical feasibility. 

7. Conclusions 

The use of DL in intrafractional motion management during RT has 
demonstrated significant success in recent years. DL methods have been 
widely applied in motion detection, tumor location prediction, and 
corresponding management measures. Although DL methods show 
higher precision and efficiency compared with conventional methods, 
achieving the goal of accurate real-time intrafractional motion man
agement still needs to overcome the limitations of data standardization, 
deficiencies, and computational efficiency. 
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