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Abstract

During radiotherapy, the organs and tumour move as a result of the dynamic nature of
the body; this is known as intrafraction motion. Intrafraction motion can result in tumour
underdose and healthy tissue overdose, thereby reducing the effectiveness of the
treatment while increasing toxicity to the patients. There is a growing appreciation of
intrafraction target motion management by the radiation oncology community. Real-
time image guided radiation therapy (IGRT) can track the target and account for the
motion, improving the radiation dose to the tumour and reducing the dose to healthy
tissue. Recently, artificial intelligence (Al) based approaches have been applied to
motion management and have shown great potential. In this review, four main
categories of motion management using Al are summarised: marker-based tracking,
markerless tracking, full anatomy monitoring, and motion prediction. Marker-based and
markerless tracking approaches focus on tracking the individual target throughout the
treatment. Full anatomy algorithms monitor for intrafraction changes in the full anatomy
within the field of view. Motion prediction algorithms can be used to account for the

latencies due to the time for the system to localise, process and act.

Key words: radiation oncology, artificial intelligence, motion tracking, deep learning,

machine learning
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Introduction

Since the early days, radiotherapy has been driven by new technological
developments. Image guided radiation therapy (IGRT) improves the treatment
accuracy and enables the success of highly conformal treatment delivery techniques
such as Intensity Modulated Arc Radiation Therapy and Volumetric Modulated Arc
Therapy. With hypofractionated and ultrahypofractionated treatments becoming more
mainstream, particularly with Stereotactic Body Radiation Therapy (SBRT) becoming
the standard of care for non-small cell lung cancer and prostate cancer, ASTRO
recommends not only daily IGRT but also real-time IGRT as the target positioning
method for patient treatments (1, 2). This is due to a growing appreciation of

intrafraction target motion management by the radiation oncology community.

Although the prostate was assumed to move negligibly, greater understanding
of prostate motion led to changes in intrafraction motion management. This was a
result of the introduction of kilovoltage (kV) and ultrasound imaging during treatment in
the early 2000’s driven by the highly sculpted dynamic MLC deliveries. The range and
distribution of intrafraction prostate motion observed in patients has been reported in
several studies (3-5). An analysis of prostate intrafraction translational motion in 427
patients found that displacement larger than 2 mm occurred in 66% of fractions while
28% of fractions had exceeded 3 mm displacement (6). Most of the prostate motion is
reported to be in the anterior-posterior and superior-inferior directions (4). In some
cases, intrafraction prostate motion can be up to 15 mm, which typically exceeds the
Planning Target Volume (PTV) expansion for radiotherapy treatment of the prostate. In
addition to translational motion, the prostate motion also includes rotation. Intrafraction
rotation motion is more commonly seen in the Left-Right axis, with an average of 2.5°
(x2.3°) reported (5). However, in extreme cases, the rotational motion can reach

beyond 10° (7, 8). The physiological origins of prostate intrafraction motion are
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frequently bladder and rectal volume changes due to bladder filling, rectal gas passing
or rectal filling. These same processes also result in intrafraction motion and
deformation seen during other pelvic cancer treatments, such as cervical cancer. Using
cine MRI images, motion of the cervical Clinical Target Volume (CTV) was reported to

be as high as 10.6 mm (9).

Respiration-induced motion is faster and has greater variability than the random
motion of the prostate and has been shown to affect treatment accuracy. The motion of
the target within the thorax and abdomen is thus needed to be monitored in real-time
with a high frequency. For thoracic and upper abdominal targets, intrafraction motion
(translation, rotation and deformation) of several centimetres has been observed in the
liver (10, 11), lung (12, 13), and pancreas (14). For targets located close to the heart,
cardiac motion is also a concern for motion management for two reasons. Firstly, the
target will exhibit respiratory and cardiac induced motion. Secondly, the heart and the
associated large vessels are typically dose limiting organs due to high radiation
sensitivity. Cardiac motion of the heart and its substructures were reported to be
between 7 mm to 15 mm in a MRI study (15). However, the cardiac component of the
motion was found to be within 4-5 mm magnitude (16). Althought inclusion of an
internal target volume during planning to account for motion is a widely used method, it
has been shown to be less optimal than monitoring and accounting for motion in real-

time both lung and liver SBRT treatments (17, 18).

The evidence for the dosimetric impact of intrafraction motion is mounting. A
study on liver cancer treatment with radiation therapy showed that the dose to the liver
could be reduced by as much as 20% due to liver motion (19). Another study on
prostate cancer patients showed that prostate motion could result in 19% tumour

underdose (20). For lung cancer patients, when motion is compensated for, not only
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will the tumour receive the full dosage, but the surrounding organs benefit with a

reported reduction in mean lung dose by 17% and in heart dose by 56% (18).

A number of different intrafraction real-time guidance methods have been used
during radiotherapy treatments. The first real-time tracking radiotherapy system,
pioneered by Shirato et al. (21) uses four orthogonal room-mounted X-ray systems to
track the prostate position based on segmented positions of implanted markers (21-
26). Other commercial systems including CyberKnife (27) (Accuray, CA, USA) and
Exactrac (28) (BrainLab, Munich, Germany) use two room-mounted X-ray imagers
synchronously to monitor the target motion during treatment. Due to gantry occlusion,
an image pair can only be taken at cardinal angles. This limitation is not seen in the

four X-ray system developed by Shirato et al. (21).

Non-radiographic methods for target motion monitoring have also been
developed in the past two decades. Calypso (Varian, Palo Alto, CA) (4) and RayPilot
(Micropos, Gothenburg, Sweden) (29) utilise implanted markers which also act as
electromagnetic transponders, transmitting positional signals to an external receiver.
Emerging real-time guidance technologies include ultrasonography (30) and integrated
magnetic resonance imaging (MRI)-radiation therapy systems (31, 32). While these

technologies are becoming more common, this review will focus primarily on kV IGRT.

Up to date, we have witnessed artificial intelligence (Al) lending its power to the
ideal goal of monitoring the target during radiotherapy using a standard linear
accelerator. Machine learning (ML) and deep learning (DL) are key Al technologies that
are being increasingly used in radiotherapy applications. These technologies excel at
extracting features from training data and making predictions on new unseen data.
Most of the published research to date that use these technologies centre around
localising the target locations on 2D kV images such that the 3D position of the target

can be reconstructed. The target in this context could be a surrogate such as arbitrary-
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shaped fiducial markers (33), the gross tumour volume (34), bony anatomy surrounding

the target (35) or the soft tissue target with very low radiological contrast (36, 37).

Al-related motion tracking publications have been predominately produced over
the past two decades. In recent years, there has been a surge of publications related to
this field (Figure 1). Almost half of all articles published over the past two decades have
been published in just the past three years (Figure 1) and now focus primarily on DL.
Therefore, it is important to evaluate the shift in Al-related motion tracking research
from ML to DL over the past two decades. Furthermore, a review of this field will
summarise initial progress made with Al techniques and provide insight for further
research. In this review, we aim to examine the state of the art of Al techniques that
have been applied to motion monitoring, starting from marker-based approaches to full
anatomy reconstruction. Marker-based approaches are typically used for prostate real-
time IGRT since the markers act as a high contrast surrogate for the target. However,
the development of markerless tracking technologies is beneficial to the patient and the
healthcare system by obviating the need for implanted markers. Full anatomy
algorithms can monitor for intrafraction changes in the full anatomy within the field of
view. Another important technology is motion prediction algorithms which can be used
to account for the latencies due to the time for the system to localise, to process and to
act. Al algorithms have helped to advance these key technologies for motion tracking in

radiotherapy.
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Figure 1. Number of publications over the past two decades for Al in intrafraction

motion tracking.

Al technologies

The research discipline of Al aims to develop intelligent systems so advanced that they
can solve problems to the same ability or even better than humans. ML is a branch of
Al in which systems can automatically learn from data and improve from experience
without being programmed to do so. There are a large variety of statistical algorithms
used in ML such as artificial neural networks (ANN), support vector machines (SVM),
decision trees, decision forests, logistic regression, and Bayesian classifiers (38). DL is
a subset of ML which solves problems using neural networks which have a structure
similar to the human neural system. The name DL comes from the structure (or
architecture) of the networks. These networks have multiple layers in which different
operations are applied to train the network, unlike traditional ML algorithms which only

had a small number of layers.

Convolutional neural networks (CNN) are one of the main DL approaches with a
multiple layer architecture. Traditional CNN architectures are typically used for image
classification problems (Figure 2A). Traditional CNNs are designed to receive an input

image of a specified size and output a single label classification. CNNs can be adapted
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for image segmentation using a common approach known as regions with CNN (R-
CNN). R-CNNss first generate region proposals that potentially contain the object of
interest and then performs classification on the regions using a CNN. The traditional
CNN architecture can be modified to perform detection and semantic segmentation
(Figure 2B). Semantic segmentation is the technique of partitioning an image into
labelled segments by classifying each pixel. A common architecture used for semantic
segmentation is the encoder-decoder network (Figure 2A) which allows for an

arbitrarily shaped input and output of the same size.

A
. Conv + Batch Norm + ReLU
§ Pooling
—> .
f Upsampling
@ Fully connected
input
image
B Convolutional Encoder-Decoder

Pooling indicies ——

input output
image segmentation

Figure 2. The basic architecture of (A) a CNN for image classification and (B) an
encoder-decoder network for semantic segmentation. The network layers include
convolutions (Conv), batch normalisation (Batch Norm), rectified linear unit (ReLU),

pooling, upsampling, and fully connected layers.
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Method

The authors conducted a topical literature review using the online databases PubMed
and Web of Science from February to May 2021. The search criteria initially restricted
the articles to the field of radiotherapy using: (radiation therapy OR radiotherapy).
These search results were refined towards Al using: (machine learning OR deep
learning OR neural networks OR artificial intelligence). Finally, the articles were further
refined to tracking applications using: (fiducial markers OR markerless), or refined to
motion prediction applications using: (motion AND prediction). An additional search
was completed to review applications of Al to motion management in MRI-guided
radiotherapy. The search criteria initially restricted the articles to the field of MRI-guided
radiotherapy using: (mr OR mri) AND linac. These search results were refined towards
Al using the aforementioned Al search terms. In addition, the reference lists of selected
articles were hand searched for other relevant articles. Articles returned in the search
results that were not related to intrafraction motion tracking were excluded from the

review.

Marker-based approaches

IGRT for some types of cancer typically relies on markers to determine the target
location. For motion tracking in kV images, markers are implanted into the tumour or
surrounding tissue to act as a surrogate for the target due to a lack of contrast in the
intrafraction images (Figure 3). A range of Al approaches for marker tracking have

been demonstrated to have high accuracy (Table 1).



10

200
201  Figure 3. Example kV projections of (a) regular shaped gold fiducial markers implanted
202 in the prostate and (b) arbitrarily shaped coiled markers implanted in the lung.
203 Many methods for segmenting markers use traditional approaches such as
204  template matching (39-43). Template matching approaches require prior information of
205 the marker. Typically for regular shaped markers (Fig 1A; e.g. cylindrical gold fiducials),
206  the templates are constructed using known marker properties (40, 41). Other types of
207  markers such as coiled markers (Fig 1B; e.g. Visicoil™) may deform into arbitrary
208  shapes upon implantation resulting in unknown marker properties. In order to develop a
209 template, an additional learning period is required to determine the marker properties
210 (39, 42, 43). Cone-beam CT (CBCT) projections are commonly used as learning data
211  for the template generation (41). This learning period has the drawback of subjecting
212 the patient to additional radiation due to the extra imaging dose. DL methods have
213 been successfully used for the automatic detection of markers in x-ray and MRI images
214  to overcome these issues (33, 44, 45).
215  Table 1. Summary of the methods to track implanted markers.

Study Imaging Marker Method  Error Other metrics

modality type
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Lin et al. MV Regular ML RMSE error: 0.5 mm -
2012 (45)
Mylonas et | kV Regular  CNN Mean (xSD) error: -0.8+1.3 = Sensitivity (recall): 99.4%
al. 2019 pixels and 0.31£1.2 pixels in = Specificity: 99.3%
(33) the x- and y-directions
respectively.
Mylonas et  kV Arbitrary  CNN Mean (xSD) error: —0.9£2.8  Sensitivity (recall): 98.5%
al. 2019 pixels and 0.2+2.2 pixels in  Specificity: 99.6%
(33) the x- and y-directions
respectively.
Liang etal. | X-ray Regular  U-Net Mean (xSD) error: 0.3+0.5 Sensitivity (recall): 95.6%
2020 (44) pixels. Precision: 98.6%
216 Tracking fiducial markers using the megavoltage electronic portal imaging
217  device (MV-EPID) is ideal as it eliminates the need for additional imaging equipment
218  and provides target information in the view of the treatment beam. However, accurate
219  tracking is challenging for VMAT treatments due to low contrast and MLC leaves
220  occluding markers. Lin et al. (45) detected the markers using discriminant analysis for
221  the first frame and mean-shift feature space analysis for subsequent frames. To reduce
222 the computation time, the authors exploited the fact that the markers moved slightly
223  between each frame. An average root-mean-square error (RMSE) of 0.5 mm was
224  achieved using this approach.
225 Mylonas et al. (33) implemented a framework that uses a CNN to automatically
226  detect regular and arbitrarily shaped markers in intrafraction fluoroscopic images. The
227  CNN had three convolutional layers with two pooling layers and one fully connected
228 layer. The CNN was used to classify whether sub-images of the kV projections
229  contained a marker or background. High classification performances were achieved for
230  both types of markers. For the regular shaped markers implanted in the prostate, a
231  sensitivity and specificity of 99.4% and 99.3%, respectively, were achieved. These
232 results improve upon a marker detection rate of 94.8% for a template matching
233  approach reported by Fledelius et al. (41). For the arbitrarily shaped markers implanted
234  in the lung, a sensitivity and specificity of 98.5% and 99.6%, respectively, were
235  achieved. This improves upon the traditional method developed by Bertholet et al. (39)
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which reported a sensitivity and specificity of 67% and 94%, respectively. While the
CNN approach improves upon the current standard, it should be noted that the
systems were tested on different datasets. The CNN was incorporated into a tracking
system to segment multiple markers for intrafraction monitoring. The computation time
was adequate for real-time applications with a time of 36 ms on a CPU and 9 ms on a
GPU. Submillimeter accuracy was achieved for both regular and arbitrarily shaped

marker tracking.

A study by Liang et al. (44) presented an automated framework that was used
to evaluate intrafraction motion in x-ray images acquired by CyberKnife. The framework
includes a fully convolutional network (FCN)-based fiducial marker detection module.
The authors utilised the U-Net architecture to perform semantic segmentation of the
markers in full-size x-ray images. The U-Net architecture is an implementation of the
encoder-decoder network architecture shown in Figure 2B. The network has a
contracting path to obtain the feature information and a symmetrical expanding path
which increases the resolution of the encoder feature maps. The method achieved a
precision and recall of 98.6% and 95.6% respectively, and the mean (xSD) centroid
error was 0.3£0.5 pixels. Their proposed method was used to retrospectively analyse
the intrafraction motion of markers implanted in the liver. This method could be further
developed for use in real-time tumour tracking systems. The computation time of this
technique would need to be examined before being implemented in a real-time tracking

system.

Markerless-based approaches

The development of markerless IGRT would be beneficial to patients and the

healthcare system by eliminating the need for the surgical implantation of markers. A
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markerless approach would avoid extra appointments, costs, discomfort, and potential
complications associated with marker implantation. Percutaneous marker implantation
can have complications such as haemorrhaging (46, 47). Furthermore, some patients
are not candidates for markers due to contraindications. This prevents some patients
from being treated with real-time IGRT techniques. Marker migration is another
potential issue that can result in tracking errors (48) and markers produce metal
artefacts in CT images that may result in treatment-planning errors (49). Therefore, the
ability to track tumours without markers would be beneficial to cancer patients and
enable wide access to real-time IGRT. It is difficult to develop highly accurate
markerless tracking methods for organs such as the prostate or pancreas due to the
low contrast in intrafraction images (Figure 4). However, Al approaches have shown

great potential for markerless tracking (Table 2 and 3).

i

Figure 4. Example segmentations of the (a) heart and lung tumour and (b) the

prostate.
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Table 2. Summary of the markerless-based approaches for fluoroscopic guided

radiotherapy.

Study

Tong et al.
2009 (50)

Terunuma
et al. 2018
(51)
Edmunds et
al. 2019
(52)

Hirai et al.
2019 (53)
Mori et al.
2019 (54)
Zhao et al.
2019 (37)
Zhao et al.
2019 (36)

Roggen et
al. 2020
(33)
Sakata et
al. 2020
(83)
Takahashi
et al. 2020
(56)

Imaging
modality
X-ray

Synthetic X-
ray

X-ray

X-ray

X-ray
Synthetic X-
ray

Synthetic X-
ray

X-ray

X-ray

X-ray

Method
ML
Encoder-
decoder
CNN
Mask R-
CNN
DNN

ML
Faster R-
CNN

Faster R-
CNN

Faster R-

CNN

ML

FCN

Site

Lung

Lung

Diaphragm

Liver and
lung
Chest

Pancreas

Prostate

Vertebrae

Lung

Lung

Results

Mean error (95% confidence level):
2.1 (4.6) pixels (pixel size is about
0.5 mm)

Mean error:; approximately 1 mm.

Mean error: 4.4 mm

Mean (xSD) accuracy: 1.6£0.7 mm
Accuracy: <0.5 mm

MAD: less than 2.6 mm across all
directions

MAD (xSD): 1.6+0.4 mm, 1.6+0.4
mm, and 1.7£0.4 mm in anterior-
posterior, lateral, and oblique
directions, respectively.

Sensitivity of 1.5 mm with a median
below 0.5 mm for single vertebrae.

Mean (xSD) error, Euclidean
distance: 1.0+£0.3 mm.

Mean (xSD) error: mean (£SD):
0.5£0.2 mm and 0.3£0.2 mm for 2
cm and 3 cm tumours respectively.

Several ML approaches have been employed for markerless lung tumour

tracking. A novel method developed by Tong et al. (50) uses principal component

analysis (PCA) to determine the motion patterns of the surrogate anatomical features.

The tumour position is predicted based off the motion patterns through regression

using ML approaches. The tracking system was tested on the fluoroscopic images for

ten lung cancer patients. Compared to other methods, ANN regression was shown to

perform the best with a mean tracking error of 2.1 pixels and mean maximum error

(95% confidence level) of 4.6 pixels where one pixel is approximately 0.5 mm.
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Mori et al. (54, 57) and Sakata et al. (55) used a ML algorithm to produce a
tumour likelihood map using fluoroscopic images. A binary classifier optimized by the
extremely randomized tree method was trained to classify images as positive (including
tumour) and negative (not including tumour). The classifier was trained using digital
reconstructed radiographs (DRR) generated from the 4DCT. During the treatment,
sliding window classification was used to generate the tumour likelihood map. The
tumour position was predicted using the tumour likelihood map and prior probability
tumour positions. The system achieved an accuracy of <0.5 mm when tested on a
moving chest phantom (54). When tested on images from eight patients, the mean
(£SD) tumour position error was 1.0+0.3 mm in 3D space based off paired x-ray
images (55). Furthermore, the ML algorithm was shown to be accurate when trained

with DRRs generated from a simulated 4DCT (57).

Zhao et al. implemented a DL approach for markerless tracking for prostate (36)
and pancreatic (37) cancer. The faster R-CNN model used in these studies consisted
of two networks that share information: a region-proposed network (RPN) and a R-
CNN. The authors used a RPN to generate proposals for the R-CNN to reduce the
computation time and enable real-time target detection. The feature extractor was the
VGG16 ConvNet. A model was trained for three different directions: anteroposterior,
left-right, and an oblique. The network input can be either a digitally reconstructed
radiography (DRR) or x-ray projection and the output is a bounding box of the PTV.
The models were evaluated on simulated kV projection images. For the pancreatic
cancer model, the median absolute deviation (MAD) between the predicted and actual
position was less than 2.6 mm for all cases and directions (37). For the prostate cancer
model, the MAD (£SD) between the predicted and actual positions were 1.6£0.4 mm,
1.6+£0.4 mm, and 1.7+0.4 mm in anterior-posterior, lateral, and oblique directions,

respectively (36). The prostate cancer model was additionally evaluated on kV images
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of one prostate cancer patient. The predicted prostate position was consistent with the
position of the markers for the two kV images shown (36). These results demonstrated
the feasibility of markerless prostate and pancreas tracking for IGRT. For clinical
implementation, it would be beneficial to expand this method for tracking through all
angles of a radiotherapy treatment arc. For both methods, the model produced the
prediction in less than 200 ms which makes this method feasible for real-time

monitoring.

A DL method developed by Hirai et al. (53) successfully estimated lung and
liver tumour positions for markerless tracking. A deep neural network (DNN) was
trained to produce a target probability map (TPM) that estimated the tumour position.
The DNN was based on an encoder and decoder network architecture (Figure 2B). For
training, DRR images were cropped to produce sub-images of the target and
surrounding anatomy. The network takes the pattern of sub-images to produce the
TPM. During tracking, the fluoroscopic images are cropped at the same positions used
during the training process on the DRR images and the target positions were
calculated based on the TPMs. The framework was implemented on both lung and liver
cases. The accuracy was calculated using the Euclidian distance in the 3D space
between the calculated and reference tumour position. An overall mean accuracy
(xSD) of 1.6+£0.7 mm was achieved for all patients. The framework was more accurate
on liver cases achieving a mean accuracy (xSD) of 1.4+£0.8 mm in comparison to
1.9£0.7 mm for lung cases. This method was shown to be feasible for real-time since

the computation time was less than 40 ms.

A study by Roggen et al. (35) evaluated a DL model to detect vertebra motion in
2D x-ray projection images. The authors used the Mask R-CNN framework based on
ResNet101 to perform image segmentation. First, the framework detects several

regions of interest and then a Faster R-CNN is used to process each region to



340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

17

determine the actual presence of the objects of interest. The framework was trained
and tested using the CBCT projections acquired using an on-board kV imaging system.
The ground truth was the forward projection of the 3D contour of the vertebrae. The
network takes a 2D kV projection image as input and outputs a segmentation mask and
bounding box of each vertebrae. This approach was validated on images from one
patient and a patient-like full-body phantom. When validated on the patient images,
positional changes in the range of 1.5 mm could be detected, with a median below 0.5
mm. Sub-millimetre accuracy was achieved when the detection of several vertebrae
was combined. Additionally, this method can detect spinal rotations larger than 1°
based on the detection of all vertebrae in the image. Further development is still
required to achieve the same level of accuracy and provided additional advantages
compared to current systems such as the Cyberknife system. For spinal tracking, the
Cyberknife system has an accuracy of <0.2 mm for translational and <0.3° for rotational

directions (58).

A R-CNN was also used by Edmunds et al. (52) to segment the diaphragm for
lung tumour tracking with a mean diaphragm apex error of 4.4 mm. Terunuma et al.
(51) used a encoder-decoder CNN architecture for lung tumour segmentation in DRRs.
When tested on DRRs, the tracking error was approximately 1 mm with a processing
time of 25ms/frame for contouring and tracking. A DL approach for segmenting lung
tumours was also developed by Takahashi et al. (56). Their approach uses a FCN
trained on patient specific DRRs. The system was tested in a phantom study with
tumours of 1, 2 and 3 cm in size. Sub-millimetre accuracy was achieved with a mean
(xSD) error of 0.5£0.2 mm and 0.3+0.2 mm for 2cm and 3 cm tumours respectively.
However, the mean error increased to over 1mm for a smaller 1 cm tumour. The

tracking system had an approximate processing time of 33 ms/frame.

Table 3. Summary of the markerless-based approaches for MRI-guided radiotherapy.



366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

18

Study Imaging Method | Site Results
modality
Cervino et cine MRI ML Lung Mean tracking error of 1.5 mm
al. 2011
(59)
Yun et al. cine MRI PCNN Lung Centroid tracking accuracy of 1.0-1.4
2015 (60, mm
61)
Bourque et | cine MRI ML Lung RMSE: 1.3£0.5 mm
al 2017 (62)
Fast et al. cine MRI PCNN Lung Median Dice similarity index: =2 0.91
2017 (63)
Friedrich et = cine MRI U-net Liver Average Dice coefficient = 83%
al. 2021 Mean contour distance < 0.5 pixel
(64)

Currently, MR images can only be acquired in 2D modality during treatment
delivery (65). Therefore, the Al-approaches for motion management during MRI-guided
radiotherapy summarised in Table 3 are designed for 2D images (59-64). A study by
Cervino et al. evaluated two approaches for tracking lung tumours in cine MRI images
(59). Cervino et al. compared an ANN model and a template matching approach
combined with surrogate tracking using the diaphragm. It was observed that the
template matching approach detected the tumour location more accurately than the
ANN. Yun et al. (60) and Fast et al. (63) used a pulse-coupled neural network (PCNN)
to track lung tumours in cine MRI images. Yun et al. reported a centroid tracking
accuracy of 1.0-1.4 mm (60). However, the PCNN was outperformed by multi-template
matching and deformable image registration in the study by Fast et al (63). A recent
study compared B-spline deformable image registration and U-net for segmentation of
liver tumours in cine MRI images (64). The U-net was found to outperform B-spline and
achieved a mean contour distance of less than 0.5 pixels. A ML approach that
incorporated motion prediction for tracking lung tumours was proposed by Bourque et
al (62). A RMSE of 1.3£0.5 mm and 2.0+£0.8 mm with and without prediction,
respectively, shows the benefit of including motion prediction into the tracking

algorithm.
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Algorithms for monitoring changes in the full anatomy

Another approach for motion tracking is to monitor for shifts in the full anatomy or
features of the surrounding anatomy. It can be useful to monitor for shifts in the full
anatomy during the treatment to ensure that the target volume and surrounding organs
at risk remain in position. If there are significant shifts, gating can be performed and the
patient can be repositioned. There are a variety of Al solutions for gating based on the

full anatomy (34, 66, 67).

An approach used in several studies is to use a binary classifier for online
treatment target verification by determining when to turn the beam ON or OFF (34, 67,
68). Tang et al. (67) proposed using an ANN binary classifier to classify the lung
tumour as inside or outside of the beam aperture in cine EPID images. The ANN was
trained on DRRs with simulated tumour shifts to represent cine EPID images. The MLC
contour was superimposed on the DRRs at different locations to simulate different
tumour positions. The CTV defined by the physician was projected onto the DRRs. The
percentage of the CTV in the beam aperture was calculated for each image. A
percentage threshold was set to divide the images into the two classes: inside or
outside of the beam aperture. The ANN was validated retrospectively on five lung
patients. The ANN had a classification accuracy of 98.0%, recall of 97.6%, and
precision of 99.7%. The proposed method could be implemented for real-time gating
during radiotherapy when the ANN determines the tumour has moved outside of the

beam aperture.

Similarly, Lin et al. (34) developed a solution for gated radiotherapy using a
binary classifier and evaluated the performance of several types of ML algorithms. The

authors used a combination of dimensionality reduction technique and ML algorithms.
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The binary classifier was developed to classify images as beam ON or beam OFF
based on the gating window size set during treatment planning. The method was
validated on fluoroscopic images of nine lung cancer patients. The ANN combined with
PCA was determined to be the best candidate for real-time gated radiotherapy. The
ANN with PCA method had a mean (+SD) classification accuracy, recall, and target
coverage of 96.3+£1.6%, 89.9+7.6%, and 97.8+1.7% respectively. Cui et al. (68)
investigated the use of a SVM for the classification problem. However, the ANN
approach was shown to be more accurate than SVM in the study completed by Lin et

al. (34).

An approach for volumetric reconstruction using DL developed Shen et al. (66)
could be used for image-guided radiotherapy. An encoder-decoder model was trained
to generate 3D volumetric CTs from 2D x-ray projections. The model can be trained on
the planning CT to make the approach patient specific. The training dataset of DRR-CT
pairs was generated by producing DRR images based on the CT. The authors
investigated using 1, 2, 5, and 10 projection views as input to obtain the CT. It was
found that the underlying semantic representations of the 3D scene were similar when
different 2D projection views are utilised. The model was validated on both abdominal
and lung CTs. The mean absolute error between the predicted and ground truth
images for single-view reconstruction was 0.018 and 0.025 for abdominal and lung CTs
respectively. This single-view imaging approach is a potential solution to image-guided
interventional procedures. Another study proposed a method for producing a volumetric

image using a single x-ray projection using PCA (69).

Similarly for MRI-guided radiotherapy, DL methods have the potential to reduce
the computation time for image reconstruction from 2D cine MRI images. Real-time
reconstruction would allow for volumetric segmentation of the target and treatment

adaption. Terpstra et al. compared four conventional and DL approaches for image
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reconstruction and to estimate the motion of abdominal cancer (70). The authors used
a combination of methods to achieve a RMSE up to 1 mm, with a processing time of 60

ms.

Ultrasound-guided radiotherapy can be challenging due to the major changes in
the image content due to motion of the anatomy and the position of the ultrasound
probe. Zhu et al. (71) used a pretrained CNN for image registration of 3D ultrasound
prostate images. The registration errors using the CNN were smaller than 5 mm in 81%
of the cases which was an improvement over a manual approach that had errors

smaller than 5 mm in only 61% of the cases.

Prediction of tumour motion

There will be a latency in any system from the time to localise, to process and to act.
For any action to be considered real-time, then the system must predict (estimate)
localisation at a time in the future equal to the system latency. Common system
latencies for say an MLC tracking system are 100-400 ms. Prediction algorithms are
not new, and many have been applied to the motion of targets in radiotherapy using
statistical approaches. More recently, DL approaches have been applied to this

problem.

Several studies have used ML algorithms for predicting tumour motion based
on past motion (72-89), including in MRI-guided radiotherapy (90-92) and ultrasound
guided radiotherapy (93). A comparison study of ML algorithms was made by Sharp et
al. and showed that most ML algorithms have a lower localisation error compared to no
prediction (94). Murphy and Dieterich (95) evaluated a linear adaptive filter and an
adaptive nonlinear neural networks (NN) for the prediction of highly irregular breathing

patterns. The ANN was found to be more robust as it successfully predicted all



461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

22

respiratory patterns, while the linear filter failed for several patterns. For the successful
cases, the ANN achieved comparable or better accuracy compared to the linear filter.
As the latency was increased, the ANN become significantly more accurate than the
linear filter. This indicates the ANN is superior at predicting the future respiratory signal
pattern. Ruan et al. (96) showed that a local regression method can outperform ANN
for predicting motion 1 s in advance. Based on initial studies, Goodband et al. (76) and
Murphy et al. (82) proceed to optimise the performance of NNs to further improve the
prediction accuracy. These studies show that different configurations of parameters
should be tested to optimise the ANN model. A study by Kraus et al. (97) compared the
performance of respiratory motion predictors based on NN, linear regression (LR),
kernel density estimation (KDE), and support vector regression (SVR). The authors
developed patient-independent models. The predictors were validated on various
sampling rates and latencies using 3D lung tumour motion traces and the errors were
averaged over all sampling rates and latencies. The prediction errors were normalised
to the errors using no prediction to give 0.44, 0.46, 0.49 and 0.55 for NN, SVR, LR, and
KDE respectively. This shows that all the predictors approximately halved the
prediction errors compared to using no prediction. There were only small differences

between the predictors with the ANN approach being the best predictor.

The majority of the aforementioned studies focus on predicting respiratory
motion for lung cancer treatments. Dick et al. (98, 99) used an ANN to predict the
motion of abdominal tumours based on the lung-diaphragm border. The studies
demonstrated that it is feasible to predict the location of liver tumours based off the
lung-diaphragm border. This method shows the potential for markerless tracking of

abdominal tumours by tracking a surrogate organ.

More recent approaches use DL to predict the motion trajectories of tumours.

These methods commonly use CNNSs, long short-term memory (LSTM), or fuzzy DL
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(100-105). Lee et al. (100) showed that a CNN model performs better than a RNN. Lin
et al. (101) developed a LSTM-based generalised model to predict the patient’s
respiratory signal. The neural network was trained and tested using real-time position
management (RPM) data. When tested on unseen respiratory data with a 500 ms
prediction window, the average relative mean absolute error was 0.112 and the root
mean square error was 0.139. Wang et al. (105) compared the use of LSTM networks
and SVR to predict external respiratory motion and internal liver motion. It was found
that the LSTM network performed better than SVR. These results demonstrate the
potential of LSTM networks for respiratory signal prediction. Romaguera et al. (103)
incorporated convolutional LSTMs into an recurrent encoder-decoder model. The
model proposed by Romaguera et al. finds the deformation between input images and
then predicts the future motion. This method has shown the potential to predict motion

on MR, ultrasound and CT datasets.

In the study of Park et al. (102), a fuzzy DL model was used to predict intra- and
inter-fractional variation of lung tumours. The fuzzy DL model combines fuzzy logic and
an ANN component. The ANN component gives the model the ability to self-learn
features and set network parameters during training. The fuzzy logic component
improves the reasoning ability for uncertainty. This feature is useful for predicting
inconsistent inter-fractional variation. Using 192.3 ms prediction, the fuzzy method had
an RMSE of 0.5+£0.8 mm, representing an improvement of 30.0% over a CNN and
Hybrid motion estimation based on extended Kalman filter. The average computation
time for the model was 1.5 ms. Torshabi et al. (104) also successfully used an adaptive
neuro-fuzzy model to predict the tumour motion based of external surrogate. Therefore,
these studies show the potential for combining fuzzy logic and NNs to achieve real-time

prediction.
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A unique method developed by Kim et al. (106) involved using a CNN to predict
motion of the patient in advance based off their facial expressions. A camera was
installed in the treatment room to monitor the patient’s facial expressions. The system
had an accuracy of 85.6% for detecting uncomfortable expressions which can be used
to provide warning about potential sudden movements. A limitation of this approach is

that only movements associated with an uncomfortable expression will be detected.

Discussion

In the past 5 years, the world has undergone a dramatic change with the advances of
Al. Self-driving vehicles are becoming a reality and Al defeated a world-champion at
the last traditional board game that had been unconquered by computers (107, 108).
Medicine, too, has started to feel the impact of Al. In particular, Al has been used for a
range of medical imaging applications including organ segmentation and localisation,
lesion detection and segmentation, image registration, and predicting clinical outcomes
(109). DL approaches are now commonly used for medical image analysis due to their
success in recent years (109, 110). There is a gap for intrafraction motion management
that had the potential to be filled by Al-based approaches. In radiotherapy, intrafraction
motion is still without a satisfactory commercial solution on a standard linear
accelerator. The requirement of accuracy and precision in real-time for a variety of
targets is often a barrier for in-house developed solutions to become mainstream: it is
far easier to ensure a solution work 90% of the time in a controlled clinical trial single
centre environment compared to a commercial solution where it needs to be accurate
99.5% for every centre and every patient. As discussed in the introduction, the clinical
benefit of real-time intrafraction motion monitoring is clear with mounting evidence. In
the past 5 years, we have witnessed the growing application of Al for target

segmentation on kV images to address the gap in intrafraction monitoring solutions.
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With Al, more robust solutions for implanted marker tracking was developed with
claimed sensitivity up to 99.4% (33). More excitingly, the power of Al was harnessed
for markerless tracking of the target without markers despite the low soft tissue contrast
on kV images, typically acquired on a standard linear accelerator. Our literature search
also shows innovations of Al methods to monitor for changes in the full anatomy.
Motion of a target with some periodicity can also be predicted ahead of time such that
the frequency of measurements can be reduced with no decrease in tumour detection

accuracy.

The use of Al for marker-based tracking approaches has been demonstrated to
be highly accurate through several studies. All of the marker-based tracking
approaches discussed achieved sub-millimetre accuracy (33, 44, 45). Mylonas et al.
(33) and Liang et al. (44) use different DL approaches due to the differences in the
image acquisition methods. The tracking window approach proposed by Mylonas et al.
(33) is effective for continuous fluoroscopic imaging where the markers stay within the
tracking window in subsequent image acquisitions. However, this approach is not
suitable for the discrete x-ray image acquisition method used by CyberKnife. To
overcome this, Liang et al. (44) utilised the U-Net architecture to perform semantic
segmentation of the markers in full-size x-ray images. The method developed by
Mylonas et al. (33) was successfully applied to both regular and arbitrarily shaped
markers. The performance of these systems are approaching the upper limit for
accuracy compared to the ground truth. Due to the previously discussed disadvantages
of marker-based tracking, future work would more likely be focused on implementing

markerless-based approaches.

To date, several studies have demonstrated the potential to eliminate the use of
markers altogether through markerless tracking (35-37, 50-55, 57, 59-64). The

implementation of markerless tracking is considered the ideal technique for the patient
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and the healthcare system due to its non-invasiveness. Markerless-based approaches
for radiotherapy using Al have been developed for the pancreas, prostate, liver, lungs,
and vertebrae thus far. The ML approaches were only applied to lung tumour tracking
(50, 54, 55, 59, 62), while DL approaches were used for other sites. This may indicate
that ML is outperformed by DL at sites that have a lower contrast. Several studies
applied an R-CNN approach for tracking the target (35-37, 52). The R-CNN approach
helps to reduce the computation time by producing region proposals. This is ideal for
real-time applications since it is important to have minimal latency. The majority of
markerless tracking approaches in cine MRI images focused on lung tumour. Other low
contrast sites such as the pancreas and prostate stand to benefit from MRI-guided
radiotherapy due to improved tissue contrast. The markerless approaches do not
achieve the same level of accuracy in comparison to marker-based approaches.
Therefore, there is still the opportunity to further improve the performance of these

systems.

Another approach for IGRT is the monitoring of changes based on the full
surrounding anatomy. The majority of these methods do not produce a geometric
measurement that can allow for real-time motion compensation. These approaches are
ideal for performing gating during the treatment. Several studies used binary classifiers
to determine whether the target is within view for gating purposes (34, 67, 68). Novel
single-view reconstruction methods show potential for use during IGRT (66, 69). Single
projections acquired during the radiotherapy fraction could be used for 3D
reconstruction during the treatment. The reconstructed volumes could be compared to
the pre-treatment CBCT to determine whether intrafraction shifts have occurred.
However, the typical time for the 3D reconstruction method developed by Shen et al. is
around 0.5 s (66). Therefore, further refinement is required to improve the efficiency of

this method to allow for real time implementation. For ultrasound-guided radiotherapy,
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a CNN can perform image registration of 3D ultrasound prostate images for motion
management (71). Proton therapy could benefit from the implementation of the
aforementioned algorithms. Clinical results of proton therapy to date have not met the
original high expectations. A commonly cited reason for this discrepancy is the lack of
effective image guidance for proton therapy (111-113). One prospective randomised
trial for lung cancer estimated a three-fold reduction in lung toxicity with proton therapy
compared with x-ray therapy from 15% to 5%. The actual results in practice were the
opposite, with 11% lung toxicity (radiation pneumonitis grade 23) in the proton therapy
arm and 7% in the x-ray arm (114). To this end, using Al to reconstruct real-time 3D
volumes could be useful in both target localisation and 3D range uncertainty

quantification during proton therapy treatments of internal targets.

For motion adaptation, a latency typically exists from the time the motion was
observed and when the radiotherapy system can adapt it. The latency of the motion
management system needs to be minimised to enable real-time adaption. Real-time is
defined by the AAPM Task Group 264 as a system latency below 500 ms (115). To
achieve real-time motion adaption, there is a prolific body of work that looks at motion
prediction using ML and DL methods. Al-based predictors have demonstrated high
accuracy in predicting the motion of tumours in the lung and abdomen. While there
were mixed results in earlier studies comparing various ML algorithms, ANNs were
close to or were the best performing methods. DL approaches have further improved

the accuracy of motion prediction more recent studies.

Finally, the use of Al in motion tracking is in its early days. At the time of this
review, the number of Al papers for intrafraction motion monitoring is modest compared
with other areas of radiotherapy such as automatic contouring. Yet, the change was
dramatic and hinted at unprecedented potential. Solutions such as markerless tracking

of the liver, pancreas or prostate, which were often cited as the reason for MRI-linac
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use are no longer far-fetched ideas for standard linear accelerators. However, most of
the featured studies are initial tests conducted with often off-the-shelf algorithms,
adopted from other areas of medicine and computer vision and small datasets.
Furthermore, there are a range of potential pitfalls. Similar to other areas of medicine
where quality assurance is key to ensure patient safety, there is currently a lack of
standardisation in datasets and reporting metrics. Many studies use DRRs due to a
lack of large, annotated datasets. The development of publicly available datasets and
the standardisation of clinically relevant evaluation metrics would enable the growth
and benchmarking of Al solutions. A major concern is the robustness of algorithms
since the performance of the algorithms may be correlated to the particular dataset
used for training (116). For example, if an organisation upgraded the hardware or
software in their imaging system, the imaging data may change in some form. This
dataset shift could potentially affect the performance of the Al algorithm that was
developed using data prior to the change. Large publicly available datasets have the
potential to solve this and improve the robustness of the algorithms, reducing the
effects of dataset shifts. Ethical and legal concerns are another key issue that may
prevent clinical implementation. Data privacy is one challenge that organisations will
have to deal with in order to create large, annotated datasets for the development of Al
solutions. Patients may have concerns about who has access to their data, whether
their data is being used for subsequent projects or being commercialised, and the risk
of privacy breaches (117). There is also the potential for bias to occur if the models are
trained and then deployed on different patient demographics, leading to specific patient

populations receiving improved treatments over others (116).

While there are several concerns associated with Al that make clinical
implementation difficult, ML and DL are becoming increasingly explored for motion

tracking due to the apparent strengths of these approaches. With the surge of Al
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publications in other research fields including medical imaging, there are many well
established algorithms (109, 110). Therefore, it is relatively easy to choose and
implement an already established algorithm depending on the specific application.
Another advantage is that many of the discussed Al approaches have low latency
during inference which meet requirements outlined by the AAPM Task Group 264
(115). As discussed above, the crucial next steps to translate Al solutions for
intrafraction motion monitoring are (1) the development of large annotated database,
and (2) standardisation of the reporting metrics. This will help to ensure that the Al
algorithms are robust to different systems and populations, achieving similar impact of
the ImageNet dataset on the development of deep learning (118). Furthermore, the
development of consensus regulations and guidelines regarding the use of Al would be
beneficial and help enable clinical implementation. At the time of writing, the authors
believe that we are at the inflection point for real-time intrafraction motion monitoring

and the use of Al for motion tracking will continue to develop and increase.

Conclusion

The growth of Al in the field of medicine and image processing has led to its
implementation in motion monitoring during radiotherapy. Al approaches have shown
great success in tracking markers with improved accuracy compared to traditional
methods. Furthermore, Al methods have demonstrated the potential to eliminate the
use of markers altogether through markerless tracking. The algorithms for monitoring
intrafraction changes in the full anatomy demonstrate the potential for monitoring the
full anatomy in the field of view. There is a latency associated with these Al approaches
and other traditional methods due to the time for computation and motion
compensation. However, Al has also been demonstrated to solve this problem by

accurately predicting future motion. With the continued improvement of Al techniques,
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we can expect to see further refinement of monitoring the target during radiotherapy

using a standard linear accelerator.
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