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ABSTRACT 

Objectives. The goal in radiotherapy is to deliver adequate radiation to the tumor volume while 

limiting damage to the surrounding healthy tissue. However, this goal is challenged by 

respiratory-induced motion. The objective of this work was to identify whether motion in 

electronic portal images can be tracked with an optical flow algorithm and whether a neural 

network can predict tumor motion.  

Methods. A multi-resolution optical flow algorithm that incorporates weighting based on the 

differences between image frames was used to automatically sample the vectors corresponding to 

the motion. The global motion was obtained by computing the average weighted mean from the 

set of vectors. The algorithm was evaluated using tumor trajectories taken from seven lung 

cancer patients, a 3D printed patient tumor and a virtual dynamic multi-leaf collimator (DMLC) 

system. The feasibility of detecting and tracking motion at the field edge was examined with a 

proof-of-concept implementation that included (1) an algorithm that detected local motion, and 

(2) a control algorithm that adapted the virtual MLC. To compensate for system latency, a 

generalized neural network, using both offline (treatment planning data) and online (during 

treatment delivery) learning, was implemented for tumor motion prediction.  

Results and Conclusions. The algorithm tracked the global motion of the target with an 

accuracy of around 0.5 mm. While the accuracy is similar to other methods, this approach does 

not require manual delineation of the target and can, therefore, provide real-time autonomous 

motion estimation during treatment. Motion at the treatment field edge was tracked with an 

accuracy of -0.4 ± 0.3 mm. This proof-of-concept simulation demonstrated that it is possible to 

adapt MLC leaves based on the motion detected at the field edges. Unplanned intrusions of 
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external organs-at-risk could be shielded. A generalized network with a prediction error of 

0.59 mm, and a shorter initial learning period (compared to previous studies) was achieved. This 

network may be used as a plug-and-play predictor in which tumor position could be predicted at 

the start of treatment and the need for pretreatment data and optimization for individual patients 

may be avoided. 

.  
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Chapter 1 Introduction 

 

1.1 Motivation and Rationale 

1.1.1 Motivation for motion compensation in radiotherapy 

About two-thirds of cancer patients will receive radiation treatment [1]. Radiotherapy consists of 

locally exposing target tumor cells to ionizing radiation with the aim of causing irreparable 

damage to their DNA. The goal of radiotherapy treatment is to maximize the dose delivered to 

the tumor while minimizing the dose delivered to the surrounding normal tissue. In external 

beam therapy, this is achieved by optimizing the treatment beam profile with the desired 

outcome for the tumor and normal tissues during the treatment planning stage. However, with 

tumor and organ motion, the conformity between planned and actual treatment can be 

compromised. This problem can have a significant impact on lung tumors where motion due to 

respiration is not accounted for. Organ and tumor motions exist either between fractions i.e. 

inter-fractions, or during the delivery of a treatment fraction, i.e. intra-fraction. 

The American Association of Physicist in Medicine (AAPM) Task Group 76 [2] recommends 

that respiratory management techniques be considered if (1) motion of greater than 5 mm is 

observed in any direction, or (2) significant normal tissue sparing (as determined by respective 

clinics) can be achieved. Otherwise, the extra effort of respiratory management is unwarranted. 

The 5 mm criterion value may be reduced for special procedures, such as stereotactic body 

radiotherapy (SBRT), and periodic verification (via imaging) of internal target motion is 

recommended with the use of external surrogates for tumor motion monitoring. Diaphragm and 
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lung tumor motions of up to 45.9 mm [3] and 66 mm [4] in the superior-inferior (SI) direction 

have been reported for lung cancer patients undergoing radiation therapy.  

The National Comprehensive Cancer Network (NCCN) guidelines for Non-Small Cell Lung 

Cancer (version 3.2014) state, “Respiratory motion should be managed when motion is 

excessive” [5]. Beam gating and dynamic tumor tracking are recommended for excessive motion 

[5]. When motion of the integrated target volume is small, “motion-encompassing targeting” is 

applicable [5].  

1.1.2 Motivation for image-guided adaptive radiotherapy with portal images 

Population-based treatment margins are currently used to encompass the uncertainties related to 

motion [6, 7]. Adding treatment margins to cover the uncertainties due to motion ensures a high 

dose coverage of the target volume. However, this increases the field size and exposes healthy 

tissues to unnecessary radiation, which would, in turn, increase the risk of radiation-induced side 

effects [8-12]. In addition to using margins to encompass the errors between planning and 

treatment delivery, active motion compensation (gating, breathing control, robotic table and 

dynamic aperture) has been proposed to reduce the deviations between planned and delivered 

treatment. However, selective activation of treatment delivery, based on a gating signal, 

increases treatment time. In both gating and breath control, the tumor is never observed directly. 

Although external surrogates have been used to infer internal target motion, poor correlations 

were observed for some patients. Motions of the diaphragm and abdominal surface were 

observed to correlate only for one minute [13]. An instantaneous time shift of up to 0.4 – 0.6 s 

between a tumor and an external infrared surrogate was observed, and this could induce 

amplitude mismatches in the range of 2.5 to 4.7 mm [14].  
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Image-guided adaptive radiotherapy (IGART), which is the subject of this thesis, uses imaging 

systems to monitor intra-fractional motions (figure 1.1). Treatments would be adapted to 

compensate for the motions observed. Although various imaging modalities have been used to 

monitor motions during treatment, the use of MV images from electronic portal imaging devices 

(EPID) are desirable since the tumor can be tracked directly (in two dimensions) with the 

treatment beam, and no additional patient dose or external surrogates are involved. However, an 

EPID has inherently poor contrast, and this poses a challenge for accurate motion tracking [7]. 

Nevertheless, if a tracking technique can successfully track motions on an MV image, the same 

technique would have less difficulty in tracking motions on higher contrast images (e.g. kV).  

 

Figure 1.1 : Workflow for radiotherapy incorporating intra-fraction image guidance and 

adaptation. The focus of this thesis, highlighted in red, involves tracking, predicting and 

compensating for the motions observed during treatment delivery. 
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1.1.3 Challenges of markerless tracking 

Although various markerless [15-21] and marker-based tracking techniques have been 

implemented, the use of markers leads to the potential risks of pneumothorax [22] and marker 

migrations of up to 2.7 cm [23]. Markerless tracking using template matching has been shown to 

be capable of tracking with an accuracy of 0.5 mm. However, frequent readjustment of the 

template is required to compensate for the deformation of the lung and tumor shrinkage over the 

treatment course [24, 25]. Although a multi-region template matching offers flexibility, pre-

filtering on a training set is required to identify all of the possible rigid landmarks [19]. While 

most of the markerless tracking techniques require a pre-defined template or contour to track, 

optical flow algorithms, [26-29] a pixel-by-pixel algorithm can potentially track motions without 

a pre-defined template (or contour) or a priori knowledge of the object being tracked [26, 27]. 

The individual optical flow vectors allow motion analysis to be performed at the global level or 

over a local region. Optical flow techniques have been used to track partially occluded objects 

from the motion vectors [26], infer structure from motions [27] and track motions at the edges of 

a field of view [26, 28, 29]. For tumor tracking during radiotherapy, similar problems, such as 

the partial occlusion of the tumor, due to the MLC leaves or overlapping structures along the 

beam, are encountered. Unlike template tracking, local optical flow vectors can be used to track 

an uncontoured external structure which intrudes into the beam’s eye view (BEV) in an 

unplanned way [29]. 

1.1.4 Motivation for motion monitoring at the field edges 

Although the dose limits to the OAR are taken into consideration during treatment planning, this 

assumes that the setup of the patient is accurate, and patient breathing and tumor/OAR motion 
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during treatment are identical to the pattern delineated during planning. Failure mode and effect 

analysis (FMEA) have revealed that contouring the OAR, with reported inter-observer deviations 

of up to 0.9 mm and 8.1 cm for the spinal cord and esophagus respectively [30, 31], could be a 

potential source of systematic error with a high risk of frequent occurrence [32-35]. In some 

cases, the use of wrong OAR contours has been reported [16]. The differences between the 

planning and treatment delivery could alter the proximity between the OAR and the high dose 

region of the treatment field. In Stereotactic Body Radiation Therapy (SBRT), this is of 

particular concern due to the steep dose gradient, reduced margin, low-fraction, high dose 

treatment and intra-treatment patient motion due to the longer treatment duration [36]. The 

ability to adapt the treatment upon detecting an unplanned intrusion of organ-at-risks into the 

BEV is becoming more important. With a combination of adaptive beam movement and 

systematic deviation of the target motion pattern, similar concerns of unintentionally overdosing 

the OAR have been cited for the CyberKnife system [37]. 

It has been shown that for most cases, the lung tumor is expected to move similarly to the 

surrounding OAR since these tumors are embedded in the lung tissue and are forced to follow 

the lung motion [38]. However, with a wall-seated lung tumor, the lung tumor and the OAR, 

such as the ribs, can have different motion magnitudes relative to each other [39]. Although 

breathing adapted radiotherapy and deep inspiration breath hold technique have been shown to 

minimize motion, some patients were unable to comply with the requirements [40]. With the 

additional possibilities of setup errors and daily variations in organ motion, it is challenging to 

consistently maintain the OAR outside of the radiation field [41]. Variation in dose distribution 

may occur as a result of the surrounding organs moving in and out of the field during respiration 

[42].  
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Although studies have been performed to determine the accuracy of MLC leaf pair control for 

moving target on EPID images [43], detection and tracking of motion close to the leaf edges has, 

to the knowledge of the author, never been done before. This may be due to the difficulty in 

identifying the OARs that could potentially intrude into the treatment beam. As a result, current 

tracking methods, based on a priori information such as contour or template matching of the 

target, might not find an exact match for an unplanned, and partially intruding OAR. The 

availability of such tools might allow detection of unplanned intrusions of healthy structures into 

the treatment field. 

1.1.5 Motivation for prediction of tumor motion 

Due to system latencies and imaging rate constraints in practical systems, the implementation of 

image-guided adaptive radiotherapy is challenging [44-47]. By the time the aperture reshapes 

according to the motion detected, the target may have moved out of its tracked position. 

However, the addition of a prediction model for tumor motion could allow the beam to be 

positioned at the anticipated tumor location.  

Unfortunately, prediction accuracies can be compromised with longer system latencies. This 

could result in the adapted beam being positioned at a different location compared to the actual 

tumor. The possibility of the irradiated volume encroaching into the surrounding healthy tissues 

due to the prediction error could occur. However, this can potentially be detected by monitoring 

motion at the center and at the edges of the field, which reiterates the motivation presented 

earlier in section 1.1.5.  
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1.1.6 Motivation for a generalized neural network  

The development of an accurate predictor is challenged by the fact that (1) respiration-induced 

motions are quasi-periodic and non-stationary and (2) the compromised lung function of cancer 

patients often leads to irregular breathing patterns. This leads to the requirement of individually 

optimized prediction models that cater to different patients with different breathing traits. 

Besides the extra time and resources needed to design the predictor, an individually optimized 

model can be prone to bias and large errors [48-51]. These models, often trained with pre-

treatment data, would require an initial learning period at the beginning of the treatment delivery 

session, to adapt to the motions observed during treatment delivery. The initial training period 

requirement would imply that prediction and adaptation of the beam are unlikely to commence 

immediately at the start of the treatment delivery. Although neural network approaches were 

shown to predict with higher accuracy in several studies, the complex structure and the lack of 

universal design guidelines resulted in the implementation of the neural network to be considered 

as an art rather than a science [52, 53]. The availability of a plug-and-play generalized neural 

network for tumor motion prediction during treatment delivery is desirable since efforts to 

individually optimize the models as well as the waiting time prior to making treatment adaptions 

can be reduced.  

1.1.7 Dosimetric impact of using tracking and prediction in adaptive radiotherapy 

Commercial, clinical implementations of concurrent tumor irradiation and tracking are limited to 

the robotic CyberKnife system (Accuray Inc. CA), first reported in 2004 [54], and the Vero 

gimbaled linac system (Mitsubishi, Japan and BrainLAB AG, Germany) first reported in 2014 

[55]. Other systems that follow tumor motion to create a stationary tumor with respect to the 
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treatment beam are limited to research prototypes [56-62]. Using electromagnetically-guided 

transponder, clinical trial for prostate and lung tumor tracking has been performed with a DMLC 

system [57, 63]. It is also possible to move the patient couch, which moves the tumor, in order to 

maintain a stationary tumor with respect to the beam [60, 64-65]. 

Preliminary results of using a DMLC show a reduction of the gamma failure rate (dose 

difference at 3%/ 3mm) from 22.5% to 0.2% with tracking and prediction incorporated [44]. In a 

multi-institutional study involving all the four major real-time adaptive systems (i.e. CyberKnife, 

DMLC, gimbaled and couch tracking), dose accuracy improves with the mean gamma failure 

rate (2%/2 mm) decreasing from 15.2% (without adaptation) to 1.6% (with adaptation) [66]. 

Without adaptation, the mean 3%/3 mm gamma failure rate of 15.2% is higher than the mean 

failure rate of 2.1% observed for conventional IMRT commissioning where no motion is 

considered [67]. This implies that motion, when not compensated (i.e., current conventional 

treatment approach), is a leading error when put in the context of the other dosimetric errors in 

radiotherapy [66]. 

In summary, the impact of tumor motion on radiation therapy is significant. Reduction of 

geometrical uncertainties and its corresponding margins are necessary to mitigate exposure of 

healthy tissues and OAR to unnecessary radiation. This motivates the use of image guidance and 

delivery adaptation to compensate for tumor motion. The need for appropriate tools to realize an 

efficient adaptive system, in turn, motivates us to develop tracking and prediction algorithms that 

are accurate and robust. 
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1.2 Thesis Objective   

The efficacy of external beam radiotherapy depends on the accuracy of the radiation dose being 

delivered to the tumor while avoiding damage to the surrounding healthy tissues. A major 

obstacle to achieving this delivery accuracy is tumor and internal organ motion. The objective of 

this project is to study the feasibility of using computer vision algorithms, such as the optical 

flow algorithm, coupled with a prediction model, to automatically track and predict the intra-

fractional motion of uncontoured tumor and organs on portal images. This would allow treatment 

delivery to be modified according to the motions detected. In the process, the susceptibility of 

the tracking algorithm to the accumulation of position errors will be investigated with an in-

house developed virtual DMLC system. Methods to improve the training time and accuracy of 

the prediction model will be studied. 

1.3 Thesis Hypothesis 

Based on previous studies examining the current status and challenges associated with image-

guided adaptive radiotherapy systems, it is hypothesized that:  

i. by using a computer/robotic vision approach such as the optical flow algorithm, the 

motion of uncontoured tumor can be tracked automatically with an accuracy of 0.5 

mm [16, 19] in order to adapt treatment delivery;  

ii. motions and intrusions of the critical structure at the edges of the treatment field can 

be detected and tracked automatically; 



10 

 

iii. system latencies of typical radiotherapy systems can be compensated with a prediction 

model that is efficient and accurate compared to the existing techniques available for 

tumor motion prediction [68-77].  

1.4 Thesis Overview  

To address the above hypotheses, specific aims were determined, and the corresponding 

developments and outcomes are presented in the thesis as follows: 

 Chapter 2: A review of the characteristics of tumor motion and its impact on 

radiotherapy is provided in this chapter. Imaging techniques used to quantify the motion 

are summarized, and background knowledge on image tracking and neural network 

prediction are provided.   

 Chapter 3 (specific aim 1 – To track uncontoured targets with a weighted optical flow 

algorithm. This work addresses hypothesis (i)):   This chapter reports on the 

development of an approach that automatically tracks the position and inter-frame 

displacement (i.e. velocity) of an uncontoured moving target on an EPID image, using an 

image difference weighted optical flow algorithm. The set of image-difference intensities 

highlights the regions where changes occurred. This varies for subsequent image pairs. 

Hence, instead of having a fixed threshold for the entire image sequence, an adaptive set 

of thresholds was obtained automatically. The algorithm was evaluated with patients’ 

digitally reconstructed radiographs (DRR) images and portal images of a phantom 

moving in an asymmetrical cosine function representing average tumor motion. The 

tracking accuracy was compared for different breathing frequencies and as a function of 

target visibility (i.e., contrast-noise-ratio).  
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 Chapter 4 (specific aim 2 – To compare three reference image update techniques for 

the reduction of tracking errors accumulation. This work addresses hypothesis (i)). 

Using the weighted optical flow algorithm presented in chapter 3, three techniques of 

updating the reference image as well as their susceptibility to the accumulation of 

positional errors were investigated using realistic patient lung tumor motion. In contrast 

to static tracking [78, 79] presented in chapter 3, dynamic tracking [78, 79] with the 

adaption of the aperture similar to that of the DMLC system [56, 80] were used in this 

study. In the first method (INI), the initial frame in the sequence was used as the 

reference image for the determination of tumor motion in all future images. In the second 

method (SEQ), the reference image was updated sequentially to the current beam eye’s 

view (BEV) image where the position of the tumor was last determined. In the third 

method (PERD), the reference image was updated periodically at the end-of-exhale (EoE) 

of each breathing cycle. These different implementations of the weighted optical flow 

algorithm were compared using the MV images of a 3D printed lung tumor of a patient as 

a control for our study. Seven lung patients’ tumor trajectories and a virtual DMLC 

system similar to that of Pepin et. al., [81] was used for tracking and aperture adaptation. 

 Chapter 5 (specific aim 3 – To track and detect organ intrusion at field edges. This 

work addresses hypothesis (ii)). This chapter extends the work reported in chapter 3 to 

investigate the feasibility of using EPID images and local optical flow analysis to track 

motion at the edges of a treatment field, and using the motion detected to adapt a virtual 

DMLC system. An optimal cluster size of local optical flow vectors was determined. 

Techniques to prevent losing track of the intruding object were incorporated in the 

control algorithms of the virtual DMLC system.   
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 Chapter 6 (specific aim 4 – To implement a neural network for tumor motion 

prediction. This work addresses hypothesis (iii)) In this chapter, the systematic design of 

a neural network to predict tumor motion with a system latency of 650 ms will be 

presented. Using a mixture of data acquired during the initial period of a tumor trajectory 

(online), coupled with a generalized model optimized using a diverse patient dataset 

(offline), the design of a generalized neural network will be presented. Specifically, the 

average mean square error surface obtained from the prediction response of seven 

patients’ tumor trajectories was used to determine the input data size and number of 

hidden neurons for the generalized neural network model. With a reduction of error and 

training time, the possibility of using the neural network as a plug-and-play predictor that 

does not require optimization with the pre-treatment data of the individual patient is 

presented. 

1.5 Novelty and Contributions 

The major contributions (to Science and Engineering) and novelty generated from the work done 

in fulfilling the four specific aims include: 

 Contribution 1 – tracking uncontoured targets on EPID images. In tracking a target 

on portal images, we have shown that by using a dynamic threshold for weighting the 

optical flow vectors, a markerless, uncontoured target can be tracked with accuracy 

comparable to other methods [16, 19]. Although the accuracy of our approach is similar 

to that of other methods, the benefits are that it does not require manual delineation of the 

target or prior knowledge of the tumor features from a training data set and can, 

therefore, provide autonomous real-time motion estimation during treatment. The effect 
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of image contrast on optical flow tracking accuracy was reported for the first time. 

Tracking error decreases as the contrast-noise-ratio (CNR) increases from 4.27 to 5.6. In 

addition, errors are less dependent on velocity as CNR increases. As CNR increases 

beyond 5.4, both absolute and relative error approach zero.  

This is, to our knowledge, the first study where 1) an uncontoured target is tracked 

automatically on EPID images using a dynamically weighted optical flow algorithm and 

2) the variation of optical flow tracking performance due to changes in EPID CNR is 

reported.  

(This work was published in the journal of Measurement Science and Technology (IOP 

Publishing), vol. 24, 074012, 2013, DOI:10.1088/0957-0233/24/7/074012, by the author 

of this dissertation. The formulation and implementation of the algorithms and the 

analysis of the results were performed by the author of this dissertation. The 

experimental work was carried out with the assistance of Roan Crow and Samantha van 

Nest). 

 Contribution 2 – reduction of the accumulation of tracking errors. In tracking 

patients’ tumor trajectory, results demonstrated accumulation of position errors when 

tracking is performed over a sequence of portal images. The INI method, which uses the 

initial beams-eye-view (BEV) image as a fixed reference image, is found to be the least 

prone to the accumulation of position errors. This is followed by the SEQ method, which 

sequentially updates the reference image with images prior to the incoming image, and 

the PERD method, which updates the reference image periodically.  

Factors resulting in the accumulation of position errors were identified. They are due to 

either (1) isolated, or (2) accumulated small inter-frame displacement errors in a similar 

direction. Potential causes for the inter-displacement errors are attributed to (1) motions 

that are smaller than the image or tracking resolution; (2) under-estimation of high 



14 

 

displacements, a limitation that is common with algorithms that are optimized prior to 

online tracking.  

(Part of the work was published as a book chapter in vol. 51 of the IFMBE Proceedings 

series, DOI 10.1007/978-3-319-19387-8_141, and presented at the World Congress on 

Medical Physics and Biomedical Engineering, June 2015 Canada. The material is also 

prepared for submission to Medical Physics. The formulation and implementation of the 

algorithms and the analysis of the results were performed by the author of this 

dissertation. Further testing of the algorithm on patient traces was performed by 

Kaiming and Bilal (using an aperture size following the RTOG 0236 guidelines). The 

experimental work was carried out with the assistance of Nadia Alayoubi and Katherine 

Kehler). 

 Contribution 3 – track and adapt the MLCs based on the motions detected at the 

field edges. The ability to detect and adapt the treatment field based on motions observed 

at the edges of a BEV has been demonstrated for the first time. Key processes that are 

instrumental in this successful implementation have been identified and they include (i) 

the use of an optical flow algorithm with a 3-by-3 pixel regularization, (ii) monitoring of 

local optical flow vectors with an optimal cluster size of 9 rows by 10 columns and (iii) 

formulating an MLC control algorithm with one-frame prediction and buffers 

incorporated. The buffers are the minimal regions needed to maintain continuous tracking 

of the intruding structure. The challenges of tracking a small region compared to global 

motion tracking were identified.  

This preliminary proof-of-concept study unveils a unique tool that would allow for (1) 

intra-fraction monitoring and detection of motion and potential OAR intrusion at the field 

edges and (2) adaptation of MLC leaves based on the motion detected. The proposed 

local adaptation technique would be an attractive feature to supplement systems tracking 

the main target motion. 

(Preliminary results of this work were published in the Journal of Physics: Conf. Series, 

489, 012040, 2014, DOI:10.1088/1742-6596/489/1/012040. An extended version is also 
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prepared for submission to Medical Physics. The formulation and implementation of the 

algorithms and the analysis of the results were performed by the author of this 

dissertation. The experimental work, i.e. image acquisition with patient traces, was 

carried out with the assistance of Nadia Alayoubi and Katherine Kehler). 

 Contribution 4 – a generalized neural network that reduces the effort and time 

required for learning and optimization). To the best of our knowledge, this work 

presents the first attempt to use the average mean square error (MSE) error surface 

obtained from the prediction of different patients’ tumor trajectories to determine the 

parameters of a generalized neural network. Using the first period of the tumor trajectory 

as a sliding window length, a systematic approach to establishing the values for the 

parameters of a multi-layer perceptron neural network has been demonstrated for the 

prediction of tumor motion. An input data length of 35 data samples and 20 hidden 

neurons were selected for the generalized network. Instead of initializing the weights for 

every training batch (method 1), inheriting weights from previous training (method 2) 

improves, on average, the prediction accuracy and computation time. Although the 

average mean absolute error MAE and MSE of 0.59 mm and 0.83 mm were comparable 

to other studies [68-71], the initial training period prior to making the first prediction was 

reduced to an average of 8.8 s, the shortest waiting time compared to previous studies 

[72-77]. This would allow tracking and treatment adaptation to commence earlier.  By 

eliminating the long waiting time as well as the need to optimize individual networks 

with pre-treatment data, this neural network could potentially be deployed as a plug-and-

play model to predict tumor motions as soon as treatment delivery begins. 

(An abstract based on the generalized model was selected for presentation (finalist) at 

the Young Investigator’s Symposium at the annual meeting of the Canadian Organization 

of Medical Physicist (COMP 2016) in St. John’s, Newfoundland. Part of the work was 

published as a book chapter in volume 51 of the IFMBE Proceedings series,  

DOI:10.1007/978-3-319-19387-8_146, and presented at the World Congress on Medical 

Physics and Biomedical Engineering, June 2015 Canada. The material is also prepared 
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for submission to Medical Physics by the author of this dissertation. The extraction of the 

tumor traces from the CKS dataset was done by Nadia Alayoubi and Philip). 

 

 Contribution 5 – a virtual DMLC system. Key processes in an image-guided adaptive 

radiotherapy system, such as accurate tracking of the tumor and rapid adaptation of the 

treatment beam, make it a challenge to realize these systems physically. The availability 

of a virtual system, such as the virtual DMLC implemented by Pepin [81] and the VERT 

2.9 platform (Vertual Ltd. Hull, UK), would allow a breakdown of these processes to be 

simulated and verified prior to implementation. By the same token, a novel 

implementation of a virtual DMLC system was implemented where the positions of the 

MLCs were updated according to the motion detected. Although negligible latencies are 

assumed in the current implementation, realistic delays could be incorporated. 
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Chapter 2 Background - Lung Tumor Motion and Its Management with Image-

Guidance and Prediction for Radiotherapy  

 

This chapter reviews the impact of tumor motion on the treatment process and the treatment 

outcome, summarizes the characteristics of typical tumor motion, examines motion-

compensating techniques with margins, and compares various imaging techniques for motion 

quantification. Details of portal imaging, an essential tool for real-time dynamic tumor tracking, 

are discussed. Theoretical aspects of tracking, image registration and prediction are presented. 

2.1 Impact of Motions 

2.1.1 Impact of motions during dose calculation and treatment planning 

Organ motion produces both random and systematic errors [1]. Random errors manifest as a 

blurring of the dose distribution while systematic errors shift the cumulative dose distribution 

relative to the target [1]. The blurring leads to an enlarged beam penumbra at the field edge and 

thereby to a less conformal dose distribution and potentially poorer target coverage. 

According to ICRU 62 [2], setup uncertainties and target motion should be incorporated into the 

treatment planning with a margin around the clinical target volume (CTV). More specifically, the 

CTV is extended by the internal margin (IM) accounting for target motion and deformation to 

form the internal target volume (ITV) (figure 2.1 and table 2.1). However, the definition of these 

margins, with respect to motion and setup errors, was not specified well [3, 4]. The CTV-PTV 

margin derived from a population dataset (based on prostate treatment) is given as [4]: 

Marginptv  = α Ʃ + β (σ - σp)     (2.1) 



24 

 

where βσp is the distance between the 95% and 50% isodose surface of the planned dose 

distribution (Dplanned);  β is the distance between the 95% and 50% isodose surface of Dblurred, the 

planned dose distribution that has been smeared due to target motion during treatment and setup 

error;  σ is the total standard deviation of all random treatment execution variations (setup error 

σs, target motion σm, and the penumbra σp), i.e. σ
2
 =  σm

2
 + σs

2
+ σp

2
; and Ʃ is the combined 

standard deviation of all the systematic errors incurred during preparation and planning, i.e. Ʃ
 2

 = 

Ʃ m
2
 + Ʃ s

2
+ Ʃ p

2
. To ensure that 90% of the patient population receives a minimum cumulative 

CTV dose of 95% of the prescribed dose, the margin is given as: 

Marginptv  = 2.5 Ʃ + 1.64 (σ - σp)     (2.2) 

Although the concept of a planning organ at risk volume (PRV) was introduced to account for 

motion and set-up uncertainties of OARs, ICRU-62 does not specify the actions required with 

PRVs [5-6]. However, in a separate study, a margin of 1.3Ʃ + /- 0.5σ around a small OAR in low 

(+) or high (-) dose region [7] is recommended. Adding a treatment margin to cover the limits of 

motion of the tumor increases the field size, and consequently exposes healthy tissues to 

unnecessary radiation [3]. However, if the margin is too small, the CTV might not receive 

sufficient dose in the presence of position and motion uncertainties.  
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Figure 2.1 : Schematic diagram of the volumes defined by ICRU Report 62 [6]. 

 

Table 2.1 : Volumes defined by ICRU Report [6] 

Volume Definition 

Gross Target Volume (GTV) Gross content of tumor on planning image 

Clinical Target Volume 

(CTV) 
GTV + margin for microscopic disease 

Internal Target Volume (ITV) 
CTV + internal margin(IM) to encompass motion and 

deformation 

Planning Target Volume 

(PTV) 

ITV + setup margin (SM) to accounts for uncertainties related 

to setup errors, deliveries, and reproducibility of patient position 

Treated Volume 
Volume that receives a dose of curative significance (e.g., 

within the 95% isodose surface) 

Irradiated volume 
Volume that receives significant dose w.r.t healthy tissue 

tolerance 

 

 

 

 

GTV 

CTV 

ITV 

PTV 

Treated Volume 

Irradiated Volume 
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2.1.2 Impact of motion during treatment delivery 

In addition to using margins to encompass the errors between planning and treatment delivery, 

active motion compensation (gating and dynamic aperture) has been proposed to reduce the 

deviations between planned and delivered treatment.  

For treatments with dynamic updates of multi-leaves collimators (MLCs), such as IMRT and 

VMAT, where sections of the field are delivered in a moving sequence, interplay effects between 

the moving target and surrounding organs with respect to the moving aperture arise [9]. In 

contrast to image blurring which is due mainly to target motion, the interplay effect is associated 

with the delivery technique. It causes variations in the dose received by each voxel. However, 

studies have shown that interplay effect is averaged out with multiple fields as well as overall 

treatment fractions. When treating lung tumors with IMRT, it has been reported that the 

maximum dose variation reduces from 30% for one field, to 18% for five fields, and to less than 

2% after 30 fractions with five fields [10, 11]. The random nature of the initial phase of the target 

motion at the beginning of each delivery, and the fact that organ motions are assumed to be 

random and do not correlate with the treatment delivered for different fractions, [12] helps to 

average out the interplay effect. This random nature assumption could be compromised when 

using few fractions, such as in hypofractionated treatments and SBRT.  

Compared to sliding-window IMRT treatment, the VMAT/IMAT delivery allows MLCs to move 

in both directions and allows the gantry to rotate about the target. Both features reduce the effect 

of interplay. Overall, studies seem to indicate that the risk of underdosing/overdosing the target 

due to interplay effects is not significant with IMAT treatment [13, 14-15] 
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2.2 Lung Tumor Motion Measurement Technique and Systems 

2.2.1 Direct localization methods  

Direct localization of tumors with submillimeter localization accuracies have been reported for 

both markers and markerless techniques [16]. Using gold seeds with a diameter of 1.5 mm, an 

accuracy of 0.5mm is achieved when tracked with kV fluoroscopy. Accuracies of 0.5 mm and 

0.2 mm have been reported for positron emission radioisotope methods and electromagnetic 

transponder methods respectively [11]. Using MV portal images, marker and markerless tracking 

techniques have achieved accuracies of 1 – 2 mm, using tracking techniques such as neural 

network [17], template matching [18-20], active shape models [21] and optical flow [22] 

algorithms.  Different field of views (FOV) are associated with these direct localization 

techniques. The large FOV for kV fluoroscopy allows it to view surrounding structures in 

addition to the tumor, while the other localization techniques are restricted to the tumor. For 

ultrasound- and magnetic resonance- based localizations, not only are markers not required due 

to their high contrast, they are also able to provide volumetric imaging of tumor and surrounding 

OARs. One of the limitations of using markers with MV tracking is the possibility of markers 

being blocked by the MLCs at certain segments, which limits their direct tracking potential. 

Correlation and prediction models were built to overcome this occlusion problem [23].  

The Calypso 4D localization system uses electromagnetic waves to detect wireless transponders 

implanted in the tumor of the patient. Sensors measure the emitted magnetic field strength of the 

transponders to determine the coordinates. The size of the transponders is 1.8mm (diameter) by  

8 mm (length) and the implantation process is similar to placing a seed in the prostate. However, 

the dimension of the transponder and the use of a 14-gauge needle for implantation hinder their 

application in the lung. The system has a localization frequency of 10 Hz.  
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2.2.1.1 Direct localization methods - radiographic imaging with portal images 

Most of the commercial digital radiographic imaging devices are fabricated in large panel using 

thin film technology on glass panels (figure 2.2). These devices, which incorporate a matrix of 

thin-film switches are commonly known as active matrix, flat-panel imagers (AMFPIs) [24] and 

are used as electronic portal imaging devices (EPIDs), which simply indicates that these imaging 

panels utilize the therapeutic photon beam as their source of x-rays. The switch in each matrix 

consists of an amorphous silicon (a-Si) photodiode connected to a thin film transistor (TFT). 

Incident x-rays from the treatment beam are first converted into visible light through a phosphor 

scintillator.  A thin metal plate, usually copper, is typically placed directly above the phosphor to 

increase photon interactions and therefore improve the sensitivity of the imager. The light is then 

captured by the array of photodiodes on the a-Si substrate. The photodiode converts the incident 

light into an electric charge. Charges are stored until their release to the read-out electronics [24].  

Image artifacts such as the appearance of horizontal lines [25] and vertical and horizontal bands, 

known as bandings [25-27], have been observed with portal images. One of the reasons 

suggested for the formation of the horizontal lines is the piecing together of smaller imager 

segments to form the entire image display. These errors are displayed along the grid lines of the 

sensors [25]. The lack of synchronization between the irradiation pulsing and detector readout 

have been cited as the other source for the artifacts seen in cine mode portal images [25-27].  

Ghosting or image lag is another issue [28-29]. In this case, a latent image is formed in 

subsequent frames due to the trapping of charges within the photodiodes (post-irradiation). One 

solution would be to continue reading out the charge in the dark field following exposure, 
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include this in the integrated EPID signal, and factor in the lag for all the response collected [28]. 

The average pixel intensity was observed to increase with field size as well [30].  

Low contrast is associated with MV images, and this is because x-ray attenuation is dominated 

by Compton interactions at MV energies, as opposed to photoelectric interactions at diagnostic 

energies. The probability of Compton interactions is dependent on the material’s electron 

density, and since anatomical structures generally have relatively small differences in electron 

density, the image contrast is lower. With a low probability of interaction, the portion of 

radiotherapy beam that generates a detectable signal in the converter (DQE) is low. Increasing 

the thickness of the phosphor screen could potentially increase the DQE of EPIDs, at the cost of 

reduced spatial resolution. 

 

Figure 2.2: (a) Schematic illustration of x-ray interaction with an active matrix, the flat-panel 

imager (AMFPI) using indirect detection mechanism (Reproduced with permission from 

http/radonc.ucsf.edu/research_group), (b) a schematic layout of a corner of the AMFPI [24] 

(Reprint permission requested from AAPM). 



30 

 

2.2.2 Indirect localization methods 

Indirect methods use surrogates to infer the spatial position of the tumor. Respiration surrogates 

can be categorized into two classes: internal surrogates (diaphragm, carina, etc.) and external 

surrogates (optical skin markers, body surface, tidal volume, etc.).  

2.2.2.1 Internal and external surrogates 

In using the diaphragm as an internal surrogate for a tumor in the lower lung, an average 

localization error of 0.8 mm and a correlation of 0.98 was achieved for motion in the superior-

inferior (SI) direction [31]. For upper lobe tumors, the carina has been used as a respiratory 

surrogate with an average localization error of 2–3 mm. The diaphragm, which is easily 

detectable compared to the carina, incurs a smaller tracking error. For external surrogates, the 

high correlation between the diaphragm and abdominal surface motion were observed only for 

one minute [31]. An instantaneous time shift of up to 0.4 – 0.6 sec between the tumor and the 

external target was observed, and this could induce amplitude mismatches in the range of 2.5 to 

4.7 mm [32]. In addition to the potential of drifts in the surrogate, the correlation between tumor 

motion and abdominal surface motion may fluctuate between patients and treatment fractions 

[32]. It has been reported that using abdominal surface motion as a surrogate for tumor motion 

may incur an average error of 5.4 mm [34].  

2.2.3 Hybrid of direct and indirect methods 

The hybrid monitoring which uses intermittent imaging to verify the position of the tumor 

inferred by the respiratory surrogate exposes the patients to less radiation. The CyberKnife 
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Synchrony and systems using kV-MV-RPM [35, 36] use both portal images (direct) and 

abdominal monitoring (indirect) to monitor tumor motion. 

2.3 Tumor Motion Characteristics 

Respiration is the dominant factor in causing tumor and organ motions in the abdominal and 

thorax region. Understanding the breathing patterns and the characteristics of tumor/organ 

motion helps to devise the appropriate tools to track its motion and account for its effect in 

radiation therapy. 

2.3.1 Respiratory motion and the mechanics of breathing  

During inhalation, the diaphragm contracts and the abdomen is forced down and forward. This 

enlarges the thoracic cavity to create a suction that draws air into the lungs. As the diaphragm 

relaxes, the elastic recoil of the lung allows air to be exhaled. The internal intercostal muscle 

lowers the rib cage and reduces the thoracic cavity. The lung is in the most relaxed state (i.e. 

equilibrium) at the end of exhale. The time taken to inhale is longer than the time taken to 

exhale. In addition, due to the difference in pressure between the lung and chest wall, the 

deflating lung volume is less than the inflating lung volume during normal breathing, a 

phenomenon known as hysteresis. The largest lung tumor motion is in the superior-inferior (SI) 

direction while the smallest motion is in the left-right direction. The magnitude of motion tends 

to decrease from the lower lobes to the upper lobes of the lungs. Due to the decreased elasticity 

of the lungs, patients with interstitial fibrosis may encounter shortness of breath and rapid 

breathing with small amplitudes. The magnitude, period, regularity and baseline of the breathing 

pattern could vary between planning and treatment sessions. Unlike cardiac motion, the 

respiratory motion is not necessarily regular (not rhythmic). However, the usage of audio 
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feedback has been shown to improve respiratory reproducibility [3, 37]. The overall reduction in 

prediction error due to combined audio/visual feedback was 26% (p < 0.001) with abdominal 

wall data and 29% (p < 0.001) for diaphragm respiratory data [37].  

2.3.2 Lung tumor motion characteristics 

The AAPM TG-76 report [3] acknowledged that there is a wide variation in the lung tumor 

motions observed between studies. The study of tumor motion using the real-time tumor-tracking 

radiotherapy system (RTRT) developed in Hokkaido [38] has been highlighted in [3] to be the 

most detailed with two fluoroscopy imagers being used to determine the 3D real-time position of 

implanted markers on 20 patients during radiotherapy. Images were acquired at 30 frames/s. 

Hysteresis of 1 to 5 mm has been detected. The average maximum amplitude of 12 ± 2 mm (SI 

direction) was recorded for tumors located in the lower lobe of the lung and not attached to the 

chest wall or vertebrae. In another study with 20 patients using the same RTRT system for 4D 

treatment [39], mean displacements of 10.7 ± 8.6 mm and 8.8 ± 7.0 were recorded in the SI and 

AP direction respectively. The average velocity of 9.9 ± 5.4 mm/s was also measured [39]. The 

motions are compared with those measured by the CyberKnife [40] (table 2.2).  

A general representation of the tumor trajectory has been given by Seppenwoolde et. al. [39]: 

                                                       𝑆(𝑡) = 𝑆(0) − 𝐴 𝑐𝑜𝑠2𝑛 (
2𝑡

𝜏
)                                              (2.3) 

where S (t) is the position of the organ at time t, S (0) is the position of the organ at expiration, A 

is the amplitude of motion, S(0) – A is the position at inhalation, τ is the period of motion, and n 

is the degree of asymmetry of the breathing pattern. This parameterized breathing equation was 

used to fit the data obtained in [39]. More specifically, the variable n, which models the degree 

of asymmetry of the motion trajectory, was varied to obtain the best fit in each of the breathing 
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cycles. For 90% of the patients, a value of 1 or 2 for n was sufficient to fit all the breathing 

cycles of the entire motion trajectory. This implies that the underlying shape of breathing motion 

can be parameterized somewhere between the two curves. For a particular case where the 

breathing is irregular, an additional range of values of n (from 3 to 9) is required for the different 

cycles in the trajectory [39].  

Table 2.2: Summary of the average intrafraction lung tumor displacements. 

Source of data 
Nos. of 

patients 
SI (mm) AP (mm) LR (mm) 

RTRT 3D 

treatment [39] 
20 

5.5 ± 6 (all locations) 

2.2 ± 1.9 1.2 ± 0.9 2 ± 2 
*
 

12 ± 6 
**

 

RTRT 4D 

treatment [41] 
20 10.7 ± 8.6 8.8 ± 7.0 8.2 ± 6.5 

 CyberKnife with 

Synchrony [40] 

16 3 ± 2.1 (upper lobe) 2.1 ± 1.4 1.5 ± 1.2 

4 3.2 ± 2 (middle lobe) 1 ± 0.5 1.6 ± 0.8 

7 6.9 ± 3.6 (lower lobe) 3 ± 1.9 2.5 ± 2.9 

EM Calypso [42] 7 0.3 (range: -2.1 to 8.1) 0.5 (-1.3 to 9.9)
 †

 0.2(-2.3 to 4.8)
†
 

† 
Range of values; 

*
upper lobe or attached to structures; 

**
 lower lobe or not attached to 

structures. 

2.3.3 Lung tumor motion and cardiac motion 

Applying Fourier analysis to the tumor trajectories, cardiac motions of 1 to 4 mm were detected 

for seven out of the twenty patients whose tumors were located near the heart [39]. However, 

motions due to cardiac pulsations are dominant in the lateral direction. While the heart beats at 

around 1 Hz (60 breaths/min), the average period for the tumor motion was 3.6 ± 0.8 s for that 

study group [39]. The perturbation of the tumor motion by the heartbeat could potentially affect 

the adaptation of treatment.  
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2.3.4 Lung tumor inter- and intra-fraction variations during SBRT treatment 

Due to the high dose delivered over few fractions in stereotactic body radiation treatment 

(SBRT), repeated target localization using image-guided techniques are required [44]. In a study 

with 28 patients [44], the target delineated from the daily CBCT was manually matched to either 

the ITV of the reference planning 4DCT or the GTV of the reference helical planning CT. Couch 

shift was performed if setup error exceeded 3 mm. Further verification of the target location after 

the couch shift was performed by comparing either the kV CBCT or MV portal imaging with the 

planning dataset. For MV orthogonal portal imaging (80 fractions), a template of the bony 

anatomy from the digitally reconstructed radiograph (DRR) of the planning dataset was used as 

the reference whereas for CBCT, the comparison was made directly with the target from the 

planning dataset. The authors concluded that: 

 mean 3D deviations are 2.2 and 5.3 mm for repeated scans done within and after 34 min 

of localization. Differences > 11 mm were observed at the end of treatment (> 34 min).  It 

implies that after 34 mins (i.e. the mean and median time from the localization process), 

variations in intrafraction tumor position increase (i.e. reproducibility decreases). It was 

inferred that SBRT treatment sessions should ideally be less than ~34 min to ensure that 

the target is moving as planned. CBCT imaging should be repeated frequently if longer 

sessions were required,  

2.3.5 Baseline drift and average period of lung tumor 

The baseline of a tumor motion trajectory, obtained by taking a moving average of the individual 

motion data, can be considered as the latent, low-frequency component of the tumor motion [45]. 

In the study by Chan et al. [46], the first 100 s of tumor motion data (recorded with a CyberKnife 
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system) was used to create the reference baseline. A 20 s moving window corresponding to about 

5 breathing cycles (average period of 3.6 ± 0.6 s) was then used to derive the baseline for the 

intra-fraction motion data (figure 2.3). Although the baseline position drifts away from its 

starting value, it returns closer to its original position by the end of the treatment (figure 2.3). 

Taking data points at the two extreme ends would exclude the fluctuations in the middle of the 

treatment, resulting in an underestimation of the intra-fractional variation. Baseline drift in tumor 

motion was also measured by tracking the centroid of the tumor [47, 48]. Results from the two 

studies are summarized in Table 2.3. Up to 10% of error in dose can occur as a result of a 5 mm 

drift [47].  The average breathing period of 3.6 ± 0.6 s measured in [45] is similar to the mean of 

3.7 s measured from three other studies [39, 45, 49-50]. 

 

Figure 2.3.:  The presence of drift and cyclic motion in the tumor motion (in three directions) of 

one patient [46]. Green, blue and red lines represent baselines, original, and cyclic motion (the 

difference between original motion and baseline). Baseline drift extends to -4 mm during 

treatment before returning to -0.2 mm at the end of treatment. 

Table 2.3: Quantification of baseline drifts in tumor motion. 

Drift (measured from moving 

average baseline) [49] 

Percentage of treatment fractions incurring drifts in 

directions: 

SI AP LR 

 1 mm 51 % 30 % 15 % 

 3 mm 18 % 3 % 2 % 

 Average amplitude of drifts 

Drift (measured from tumor 

centroid) [48] 
1.3 ± 5.1 mm 1.4  ± 5.0 mm 0.3 ± 5.5 mm 
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2.4 Computer Vision for Image-Guided Radiation Therapy 

Computer vision, a process that includes the acquisition, retrieval, and interpretation of image 

contents, can be used to produce decisions for vision-based control systems [51-52]. For image-

guided radiation therapy, computer vision has been used to recognize tumor targets [18, 53-54] 

classify disease stages [55], propagate contours on treatment volume for dose accumulation [56], 

estimate real-time motion on planar images [16-22], and for real-time treatment adaptation 

following the motion detected [35-36, 57-58].  

2.4.1 Detection and motion tracking – principles and challenges 

Two main factors that contribute to the detection and tracking of targets are 1) signal-to-noise 

ratio and 2) size of the foreground object [59]. In addition, tracking of tumor and marker motion 

is limited by occlusion, aperture problem, cumulative errors leading to positional drift, losing 

track of the object, homogenous texture, dynamic background, changes in illumination, motion 

and jitter of the imaging device, speed of the moving objects relative to image acquisition rate, 

and inconsistency of object motion [60]. Though most problems can be solved by adding 

constraints to the tracking process, problems related to the tumor motion are patient-specific. If 

the motion is slow, the background noise coupled with the regularization constraints imposed on 

neighboring pixels could overshadow the actual motions.  If the speed is higher than the image 

acquisition rate, a blurred object could reduce the magnitude of motion sensed [60]. 

2.4.2 Temporal resolution 

According to the Nyquist-Shannon Sampling theorem, the tumor/marker position acquisition rate 

needs to be (at least) twice the maximum frequency of the breathing cycle. The quasi-periodic 
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motion of the tumor with an average period of about 3.7 s, would require the position to be 

determined every 1.8 s. However, for adaptive image-guided treatment, a real-time the system 

should be updating the tumor’s position at approximately 0.1 - 0.2 s interval (5 -10 Hz) [61-62]. 

This allows prediction model to be established early during treatment and minimizes tracking 

(and adaptation) error [61, 62]. 

2.4.3 Image registration 

Tracking is a form of image registration that involves continuously finding correspondence and 

aligning it with a reference image over a span of time. Image registration can be categorized in 

terms of intensity, feature, or contour-based approaches. Intensity-based methods compare 

intensity patterns of the entire region of interest via intensity difference or correlation metrics, 

while feature-based methods find correspondence between sparse sets of points representing the 

region of interest. Knowing the correspondence between a set of features in images, a 

geometrical transformation is then established to map the target image to the reference image 

[63]. Features can be edges, contours, or landmark points. An example of a scale and directional 

invariant feature point is the scale invariant feature transform descriptor (SIFT) [64]. The 

contour-based approaches rely on information at the boundaries of the object. These models are 

energy-minimization approaches whereby external potentials try to pull an initial curve/spline 

towards object contours while the internal forces try to constrain the deformation.  

The image registration techniques can further be associated with rigid or non-rigid (deformable) 

geometric transformations. Rigid transformations are linear transformations (e.g. rotation, 

scaling and translation) and they are global in nature. They cannot model local changes between 

images [63]. Often, feature-based methods are used when segmentation is involved. However, 
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this implies that the methods are highly dependent on the accuracy of the feature extraction. The 

intensity-based methods are more robust since they do not rely on a pre-defined set of features 

that are prone to changes over long image sequences. The generalized framework for image 

registration is shown in figure 2.4. Since a fixed reference image is required for image 

registration, studies have shown that the proper selection of a reference image is crucial in 

avoiding the propagation of errors [65-67]. Dynamic reference images were used to improve the 

image quality and minimize the deviation between images obtained subsequently in a long 

sequence [68-69]. 

 

Figure 2.4: Main process in image registration for motion tracking [70]. 

 

2.4.4 Optical flow - an example of an intensity-based nonrigid image registration 

The optical flow algorithm, which is traditionally used in robotic and automatic machine 

guidance, is a pixel-by-pixel intensity-based registration technique that eliminates the need for a 

manual delineation of a rigid template for tracking [22]. Flow vectors corresponding to the 

apparent velocity and direction of the moving object are computed based on the assumption of a 

small object displacement and constant illumination over time. Since it uses spatial and temporal 

intensity differences between images, it has metrics similar to the distance metric (e.g. sum-
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squared-distance or mean-squared distance). To improve computational speed, a multi-resolution 

pyramid scheme, where registration is first performed at a coarse resolution level with the 

images having fewer pixels, is used. In addition to being computationally efficient, this helps to 

eliminate local minima. The estimated result is then used to initialize registration for the next 

finer image scale. This process is repeated until image registration is done at the finest (original) 

scale. A comparison of the optical flow algorithm with other methods in tracking markerless 

lung tumors on MV EPID images is shown in table 2.4. The same accuracy is observed for both 

multiple template matching and the optical flow algorithm. 

 

2.5 Prediction Techniques for Real-Time Adaptive Treatment 

2.5.1 The need for prediction in radiotherapy 

In order to implement adaptive IGRT, the tracking system should be able to perform the 

following tasks in pseudo real-time: 1) acquire images with a high frame rate, 2) detect and 

predict the tumor motion to cater for time delays (latency) in delivery adaptation, and 3) alter the 

treatment beam accordingly. In a detailed analysis, an overall time delay of up to 455 ms can be 

incurred [57]. This is attributed to image acquisition (200 ms), image reading and saving (150 

ms), tumor detection (50 ms), and aperture adjustment (50 ms). For more complex systems, 

latency may increase to 1400 ms [37]. Since most systems cannot react instantaneously, 

prediction of future tumor positions ahead of its current position is required for any near real-

time adaptive radiotherapy treatment to be successful. Preliminary results showed that beam 

margins could be reduced by 21% with tracking and prediction. This, in turn, could reduce the 

mean dose to the surrounding tissue by 10.7% [57].  
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Table 2.4: Comparison of markerless tumor tracking on MV EPID with different tracking/image 

registration methods. 

Tracking / image registration method 
Max. amplitude of 

tumor motion (mm) 

Average tracking error 

(mm) 

Single Template Matching [16] 8 - 10 1.47 ± 0.60 

Multiple Template Matching [20] 8 - 10 0.57 ± 0.28 

Active Shape Contours [21] - 1.00 ± 1.00 

Dynamically-Weighted Optical Flow [22] 10 0.60 ± 0.20 

 

2.5.2  Categories of prediction algorithms 

Existing methods used in predicting respiratory-related tumor motion can be classified into two 

categories [71-72]: 1) those that utilize a mathematical model to provide inference between its 

existing data and its estimated response [39, 73-75]; and 2) an empirical approach that uses 

adaptive filter with signal-processing algorithms to predict future value based on past data [72, 

76]. The general class of linear filters, such as the autoregressive moving average (ARMA), 

belongs to the first category. One potential drawback is their inability to predict samples that are 

much further away, even if a similar event had happened before. Unlike the model-based 

approach, adaptive filtering is performed based on the empirical characteristics of the signal 

itself rather than a fixed model. The adaptive filters adjust their coefficients constantly according 

to the temporal variation of the signal characteristics as they are collected over time. It is more 

robust compared to the model-based approach in predicting distant events. Kalman filters, on the 

other hand, utilize a combination of the source and state (i.e. first category) model coupled with 

empirical sampling [72]. 
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2.5.3 Comparison of the performance of prediction algorithms in radiotherapy 

Various prediction models have been investigated for tracking and predicting tumor motion in 

radiotherapy. These include linear prediction [77, 78], auto-regressive moving average [79], 

stationary linear regression [80], sinusoidal modeling [81], adaptive filters [71, 76, 80, 82-84], 

Kalman filters [77, 85], and neural networks [77, 86-87]. In three of the comparative studies, 

neural networks have been shown to outperform the other prediction models [77, 88-89]. The 

first study [77] compares the performance of using linear prediction, neural network and Kalman 

filtering for latency of up to 1 s. The Kalman filter was unable to fully characterize the state 

transition matrix with the relatively small amount of data [77]. In the second study [88], a 

comparison between a linear filter and a neural network shows that for latencies up to 200 ms, 

the linear filter performs better than neural network. Beyond 200 ms of latency, the neural 

network outperforms the linear network. In the third study [89], a comparison between four 

predictors, namely neural networks, linear regression (LR), kernel density estimation (KDE) and 

support vector regression (SVR) showed that neural networks outperformed the SVR, LR, and 

KDE by 4%, 9%, and 24%, respectively.  

2.5.4 Training, validation and testing methodology 

Figure 2.5 (right) depicts the sequence of processing the data for real-time prediction using a 

sliding window approach (i.e. analyzing a finite length of data sequentially over time). A neural 

network with a pre-specified architecture is trained on the training set until either the maximum 

number of training epochs (i.e. iterations) is reached or a negligible improvement in prediction 

performance was obtained from the validation set.  For a neural network model (figure 2.5), 

while increasing the number of input and hidden nodes would initially reduce the prediction error 
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on the training data, excessive hidden nodes would result in overlearning where the network fit 

the training data well, but failed to generalize its prediction on unseen validation and test data 

[90]. Larger errors were observed i) as the prediction horizon increased, ii) during the transitions 

from inhale to exhale and iii) for irregular motion [71].  

 

 

Figure 2.5 : (Left) Structure of a basic neural network; (right) time series prediction using a 

sliding window approach. 

 

2.5.5 Systems with tumor tracking and prediction for real-time adaptation 

In image-guided radiotherapy systems (IGRT), either the aperture of the radiation beam [35-36, 

57-58, 91-92] or the patient’s couch [93-95] can be adjusted according to the tumor motion 

detected. The CyberKnife system with a 6-MV LINAC attached to a robotic arm and the DMLC 

tracking system with electromagnetic transponders [96] are the only clinical system to implement 

real-time motion tracking and adaptation. However, it suffers from prolonged treatment times 

due to repeated verifications of tumor position before each beam delivery, and only small tumor 

volumes can be treated with each beam. Some of the systems that are currently being developed 

are compared in table 2.5 [35-36, 57-58, 91]. For the system that uses simultaneous kV-MV 

projection images to obtain the target position, a high degree of beam modulation by MLC leaves 
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often hinders target/surrogate visibility on MV images. In using the RPM signal to build a 

correlation model, the possibility of amplitude mismatches in the range of 2.5 to 4.7 mm between 

the internal and external surrogates has to be considered. Given that the machine accuracy of the 

MV beam isocenter is 0.5 mm (Varian Trilogy), and inter-observer variations in target 

delineation of ~ 4–10 mm, further effort to reduce error to sub-mm level may yield limited 

benefits at this time [37].  

2.6 Comparing Beam Adaptation (using DMLC) with Gating Techniques 

In comparing the DMLC tracking with gating techniques, it has been shown that higher 

dosimetric accuracy was achieved with gating (0.1% vs. 3.7% γ-failure rate) at the expense of 

treatment efficiency (three times poorer) [97]. 

2.7 Summary 

This chapter provided a review of how tumor motion increases the complexity of lung cancer 

radiation treatment. Techniques incorporating image-based tracking and prediction are shown to 

be crucial in monitoring the motion and adapting the treatment to improve therapeutic outcome. 

Despite the challenges highlighted, several systems that have successfully harnessed both image 

tracking and prediction capabilities for real-time adaptation have shown promising results.  
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Table 2.5: Systems incorporating motion tracking and prediction for real-time adaptation of 

treatment beam. 

System 

 Geometric accuracy (mm) 
Dose difference (γ-failure 

rate) at 3%/ 3mm (%) 

With 

tracking & 

prediction 

W/out 

tracking & 

prediction 

With 

tracking & 

prediction 

W/out 

tracking & 

prediction 

DMLC with simultaneous MV- 

kV*[57] 
0.9 ± 0.5 N.A. 0.2% 22.5% 

DMLC with RPM
†
 & 

simultaneous MV- kV* [35] 
< 1.5 3.1–7.6 N.A. N.A. 

DMLC with RPM
†
 &  

intermittent kV/MV* imaging 

[36] 

0.8 – 1.4 3.1–7.3 N.A. N.A. 

Calypso implanted EM marker 

with DMLC [91] 

0.69 (parallel) N.A. 

0.5% 40.6% 
0.8 (90 deg. to 

leaf motion) 
N.A. 

CyberKnife [58]  ≤ 1.5 mm N.A. N.A. N.A. 

* Motion determine by a pair of kV/MV-projected 2D positions 
 †

 Builds a correlation model with RPM and kV/MV data 

   N.A. – data not available. 
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Chapter 3 Tracking Lung Motion Using a Dynamically Weighted Optical Flow 

Algorithm and Electronic Portal Imaging Device 

 

This chapter presents the feasibility of using a computer vision algorithm and electronic portal 

images to track the motions of a tumor-like target from a breathing phantom. This approach was 

also applied to track uncontoured tumor motion observed on patient DRR images. This work is 

based on material that was published in the Journal of Measurement Science and Technology 

(IOP Publishing), vol. 24, 074012, 2013, DOI:10.1088/0957-0233/24/7/074012, by the author of 

this dissertation. 

Abstract 

Purpose: This chapter investigates the feasibility and accuracy of using a computer vision 

algorithm and electronic portal images to track the motion of a tumor-like target from a breathing 

phantom.  

Methods: A multi-resolution optical flow algorithm that incorporates weighting based on the 

differences between frames was used to obtain a set of vectors corresponding to the motion 

between two frames. A global value representing the average motion was obtained by computing 

the average weighted mean from the set of vectors. The tracking accuracy of the optical flow 

algorithm as a function of breathing rate and target visibility was investigated. Synthetic images 

with different contrast-to-noise ratios (CNR) were created, and motions were tracked.  

Results: The accuracy of the proposed algorithm was compared against potentiometer 

measurements giving average position errors of 0.6 ± 0.2 mm, 0.2 ± 0.2 mm and 0.1 ± 0.1 mm 
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with average velocity errors of 0.2 ± 0.2 mm/s, 0.4 ± 0.3 mm/s and 0.6 ± 0.5 mm/s for 6, 12 and 

16 breaths/min motions respectively. The cumulative average position error reduces more rapidly 

with the greater number of breathing cycles present in higher breathing rates. As the CNR 

increases from 4.27 to 5.6, the average relative error approaches zero, and the errors are less 

dependent on the velocity. When tracking a tumor on patient DRR images, a high correlation was 

obtained between the dynamically weighted optical flow algorithm, a manual delineation process 

and a centroid tracking algorithm.  

Conclusions: While the accuracy of our approach is similar to that of other methods, the benefits 

are that it does not require manual delineation of the target and can, therefore, provide accurate 

real-time motion estimation during treatment. 

3.1 Introduction 

Diaphragm and lung tumor motions of up to 45.9 mm [1] and 33 mm in the superior-inferior (SI) 

direction [2] have been reported for lung cancer patients undergoing radiation therapy 

respectively. The rotation and deformation of lung tumors are small, and it has been shown that 

its motion may be adequately modeled using translation only [2]. In conventional radiation 

therapy, a margin around the tumor is used to account for its trajectory of motion for planning 

purposes [3]. Although this procedure enhances the tumor control probability (TCP), the normal 

tissue complication probability (NTCP) is increased as a result. Real-time monitoring of target 

motion is part of the overall long-term objective of image-guided adaptive radiotherapy (IGRT) 

that aims to improve the TCP while minimizing NTCP; i.e. improving the overall therapeutic 

ratio of radiotherapy
 
[4]. 
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Several techniques have been developed which seek to improve dose delivery to the treatment 

region in the presence of motion. Such techniques fall into two main categories: gating or 

dynamic adaptation of the treatment beam. Gating techniques rely on the fulfillment of 

predetermined conditions in order for the treatment beam to be activated. A common method for 

estimating the position of the internal tumor is to track an external marker fixed to the patients’ 

chest via infrared camera images [1]. During treatment beam delivery, the radiation beam is 

turned on when the external marker passes through a spatial window defined during the 

treatment planning stage. While breath coaching improves the correlation between internal and 

external markers, deviations of 10 mm can still exist for some patients [5]. In addition, the 

relative position of the external reference may change with respect to the tumor during treatment; 

and without adjusting the gating window, the purpose of external marker tracking is defeated. 

Gating techniques also typically increase treatment times since the beam is only conditionally 

activated. Throughout the course of radiation treatment, a tumor can change in size and 

orientation. Treatment based on a fixed margin, defined during the initial planning stages, could 

result in errors if an automatic deformable tracking algorithm is not used. Thus, adopting real-

time tracking and dynamic adaptation will improve system accuracy and efficiency.   

Various computer vision-based techniques [6] have been proposed for tracking objects. These 

methods often aim at finding and learning the best features for tracking across different image 

settings [7]. Some of the advanced features include: histograms of gradients (HoG) [8], the 

spatial density of objects [9], and key points derived from the scale invariant feature transform 

(SIFT detector) [10]. Models capable of learning these features in a supervised [11] and 

unsupervised approach [12] have been developed. To track these features over different images, 

a general representation is required. This can only be acquired with an extensive training dataset. 
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One of the objectives of the proposed method is to avoid the requirements of any a priori 

information, such as the contour of a tumor or features acquired from training images. Although 

the optical flow algorithm [13-15] uses a less robust feature, i.e., temporal and spatial variation 

of pixel intensity, it does not require extensive training images required by the learning models. 

This work evaluates the use of a multi-layer (i.e. multi-resolution) adaptive threshold optical 

flow algorithm to track uncontoured lung tumors. 

3.1.1 Tracking techniques on portal images  

Portal images can be acquired in real time using an electronic portal imaging device (EPID) 

placed distal to the patient which detects the photon beam exiting the patient. Such images are 

conventionally used for patient setup correction, where a small dose of radiation is administered 

prior to the treatment session to correct for the position of the patient when compared to the 

planned treatment. These images can be used for real-time tumor tracking, which in turn may be 

used to dynamically adapt the treatment. 

Several markerless methods have been proposed for online tracking of tumors with EPID. Most 

of these methods require either prior knowledge of the target object or segmentation of the target, 

such that the delineated contours on the initial image can be used for tracking on subsequent 

images. The active shape [16] and neural network method [17, 18] require training data sets 

while the use of similarity measures such as the normalized cross correlation and normalized 

mutual information between the EPID images require a reference 4D-CT template [19]. 

Although template matching [20-22] is capable of tracking to within 0.5 mm, frequent 

readjustment of the template is required to compensate for the deformation of the lung and tumor 

shrinkage over the treatment course [23, 24]. Although a multi-region template matching offers 
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flexibility, pre-filtering on a training set is required to identify all the possible rigid landmarks 

[22].  

In most studies, the gold standard used to verify the accuracy of the tracking algorithm is based 

on a clinician’s manual delineation of the tumor to calculate the pixel shift. However, manual 

delineation results in inter-observer variations of over 2.8 mm [23, 25].  

It has been shown that the robustness of a Proportional-Integral-Differentia (PID) based 

controller can be increased by incorporating velocity information in the control process [26]. 

Although the velocities of typical clinical tumors have been determined [27, 28], none of the 

image tracking publications have dealt explicitly with the accuracy of tracking the velocities of 

an uncontoured tumor.  

3.1.2 Optical flow tracking technique  

Optical flow tracking is a method which tracks apparent motion of image intensity using the 

temporal and spatial gradients. Various implementations of the optical flow algorithm have been 

used to track organ and tumor motion. Since the change of each pixel can be represented by an 

optical flow vector, it offers the potential to track the motion of a deformable object where a 

rigid template might not find an exact match [29]. Optical flow has been used to track the pixel 

displacement of a segmented tumor contour from fluoroscopic video images [30]. 3D optical 

flow algorithms [31, 32] are used to map the displacements of contoured voxels across a four-

dimensional computed tomography (4D CT) data set. Those studies compared the automatic 

tracking of the segmented tumor with that of a clinician’s manual delineation for different phases 

of the breathing cycle.  
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Most optical flow algorithms impose a smoothness constraint [13] or a neighborhood 

propagation regularization criteria [14, 15]. As a result, the optical flow vectors propagate 

beyond the motion edges, their magnitude decays slowly, and the boundary information is 

blurred. The average optical flow velocity obtained will also be lower as a result of the inclusion 

of the decaying optical flow components. Although object segmentation and classification 

procedures have been used to provide better object boundary detection, most require a priori 

information of the image properties. Due to the low contrast of the tumor in megavoltage portal 

images and the scattering of the photon beam with surrounding tissues, the accurate detection of 

motion with small magnitudes is challenging because it has been difficult to find a meaningful 

threshold for the optical flow vectors that separates small motion from random noise [22, 23].  

3.1.3 Accuracy of tracking as a function of marker visibility 

It has been shown that: 1) the accuracy of tracking a moving target improves as the contrast-to-

noise ratio (CNR) of the marker increases; 2) the CNR of a moving marker decreases as the 

speed of the marker increases; 3) the CNR of a stationary marker can be improved by integrating 

and averaging over image frames; and 4) CNR increases as the size of the marker increases [34]. 

The typical maximum range of CNR for a clinical portal image was given as 5 to 10 [35]. To 

evaluate the accuracy of the proposed tracking algorithm as a function of marker visibility, the 

CNR for the phantom target was assessed, and images with a range of CNR close to 5 were 

generated and used for tracking.  

This chapter evaluates the accuracy of an approach that automatically tracks the position and 

velocity of an uncontoured moving target on an EPID image sequence, using an average image-

difference weighted optical flow algorithm. The set of image-difference intensities highlights the 
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regions where changes occurred. This varies for subsequent image pairs. Hence, instead of 

having a fixed threshold for the entire image sequence, an adaptive set of thresholds was 

obtained automatically [36, 37]. The accuracy of the tracking was compared to the measurements 

obtained from a potentiometer attached to the actuator of the phantom’s target. Instantaneous 

velocity and cumulative position errors were obtained, and the mean position error over the 

entire radiation duration was assessed. The average position error over a breathing cycle was 

compared for breathing rates of 6, 12 and 16 breaths/min. The tracking accuracy of the optical 

flow algorithm as a function of target visibility (i.e. CNR) was analyzed.  

3.2 Methods and Materials  

3.2.1 Optical flow tracking algorithm 

A multi-resolution (also known as a multi-layer or an image pyramid) optical flow algorithm was 

implemented. Velocity vectors from a coarser decomposed image were used to initialize the 

optical flow computation for a higher resolution level, allowing tracking of larger displacements 

to be performed with greater accuracy than a single resolution approach [38-40]. In the proposed 

approach, a small group of reliable flow vectors was obtained from a set of absolute image-

difference intensities [3, 37]. The array of difference values was used to weight the optical flow 

vectors. The average optical flow velocity was determined from the array of weighted vectors.  

The mathematical formulation for obtaining the optical flow vectors vopt (pixels/frame) is 

provided in this section [13, 38-40]. The formulation relies on two basic assumptions. The first 

assumes that the intensity 𝐼 of the moving object along the x and y coordinates remains constant 

between frames acquired at time t i.e. [13]: 
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𝐼(𝑥, 𝑦, 𝑡) = 𝐼(𝑥 + 𝜕𝑥, 𝑦 + 𝜕𝑦, 𝑡 + 𝜕𝑡) (3.1) 

This implies that the object has a similar contrast between the two image frames. By assuming 

small motions of dx and dy between consecutive frames, the right-hand side of (3.1) can be 

expanded using first-order Taylor series to get 

𝐼(𝑥, 𝑦, 𝑡) +
𝜕𝐼

𝜕𝑥
𝑣𝑥 +

𝜕𝐼

𝜕𝑦
𝑣𝑦 +

𝜕𝐼

𝜕𝑡
+ ℎ𝑖𝑔ℎ𝑒𝑟 𝑜𝑟𝑑𝑒𝑟 𝑡𝑒𝑟𝑚𝑠 

(3.2) 

Substituting (3.2) to (3.1) yields the optical flow constraint equation: 

𝜕𝐼

𝜕𝑥
𝑣𝑥 +

𝜕𝐼

𝜕𝑦
𝑣𝑦 +

𝜕𝐼

𝜕𝑡
= 0 

(3.3) 

where (vx, vy) are the optical flow velocity vectors and (
𝜕𝐼

𝜕𝑥
, 

𝜕𝐼

𝜕𝑦
) are the image gradients along x 

and y directions, respectively. 
𝜕𝐼

𝜕𝑇
  is the rate of change of brightness per image frame. Equation 

(3.3) does not have a unique solution since there is only one equation and two unknowns. The 

Lucas-Kanade implementation [38] of the optical flow algorithm solves this problem by creating 

an over-determined system using a local regularization approach where a small neighborhood / 

window of pixels is assumed to have the same velocity.  

To implement a multi-layer optical flow for a given image pair, two individual Gaussian 

pyramids each comprising of three image resolution levels are constructed for each image [38]. 

Using the raw image (i.e. the basic layer), each subsequent image in the higher-level is obtained 

by (1) convolving the lower layer image with a Gaussian kernel and (2) removing every even-

numbered row and column in the convolved image. As a result, an image with a coarser 
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resolution and down-sampled by a factor of one-quarter of the area of the previous layer is 

obtained at each subsequent (i.e. higher) level image.  The optical flow velocity vector is first 

obtained between two subsequent images with a coarser resolution (at the higher level). The 

resulting velocity vector is then used as an initial guess (𝑔𝑥
𝐿 , 𝑔𝑦

𝐿) in a least mean squares estimate 

to recursively solve for (vx, vy) by minimizing the image matching error function between two 

images. This process solves for the velocity vector of each pixel in that layer, and this value is 

subsequently used as an initial guess for the next layer L of analysis in which the pixel size is 

reduced to a finer resolution. This analysis continues for three different pixel size levels, and 

allows for the algorithm to accurately track larger motions. The image matching error function 

can be defined for layer L as [38-40]: 

𝜀𝐿(𝑑𝑥
𝐿 , 𝑑𝑦

𝐿) = ∑ ∑ (𝐼1
𝐿(𝑥, 𝑦) − 𝐼2

𝐿(𝑥 + 𝑔𝑥
𝐿 + 𝑑𝑥

𝐿 , 𝑦 + 𝑔𝑦
𝐿 + 𝑑𝑦

𝐿))
2

𝑟𝑦
𝐿+𝑤𝑦

𝑥=𝑟𝑦
𝐿−𝑤𝑦

𝑟𝑥
𝐿+𝑤𝑥

𝑥=𝑟𝑥
𝐿−𝑤𝑥

 
(3.4) 

where (𝑟𝑥, 𝑟𝑦) is the position vector describing the location of an image point at coordinates (x, y), 

(𝐼1
𝐿 , 𝐼2

𝐿) is the intensity at position (x, y) in images 1 and 2 respectively, (wx, 𝑤𝑦) describe the size 

of the regularization window along x and y axes of the image plane, (𝑑𝑥
𝐿 , 𝑑𝑥

𝐿 ) is the 

displacement of a pixel from image 1 to image 2, and can be written as the velocity vector: 

  (𝑑𝑥
𝐿 , 𝑑𝑥

𝐿 ) =  𝑣𝐿 = (
𝑣𝑥

𝐿

𝑣𝑦
𝐿)   (3.5) 

For a given resolution level L, letting 

(𝐼11(𝑥, 𝑦) = 𝐼1
𝐿(𝑥, 𝑦) (3.6) 
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(𝐼22(𝑥, 𝑦) = 𝐼2
𝐿(𝑥 + 𝑔𝑥

𝐿 , 𝑦 + 𝑔𝑦
𝐿) (3.7) 

(𝛿𝐼(𝑥, 𝑦) = 𝐼11(𝑥, 𝑦) − 𝐼22(𝑥, 𝑦) (3.8) 

𝑣 = (
𝑣𝑥

𝑣𝑦
) = 𝑣𝐿 

(3.9) 

allow equation (3.4) to be written as: 

𝜀(𝒗) = 𝜀[𝑣𝑥 𝑣𝑦] = ∑ ∑ (𝐼11(𝑥, 𝑦) − 𝐼22(𝑥 + 𝑣𝑥, 𝑦 + 𝑣𝑦))
2𝑟𝑦+𝑤𝑦

𝑦=𝑟𝑦−𝑤𝑦

𝑟𝑥+𝑤𝑥
𝑥=𝑟𝑥−𝑤𝑥

 
(3.10) 

The derivative of 𝜀(𝑣) with respect to v is: 

𝜕𝜀(𝒗)

𝜕𝒗
= ∑ ∑ (𝐼11(𝑥, 𝑦) − 𝐼22(𝑥 + 𝑣𝑥 , 𝑦 + 𝑣𝑦)) . [

𝜕𝐼22

𝜕𝑥

𝜕𝐼22

𝜕𝑦
]

𝑝𝑦+𝑤𝑦

𝑥=𝑝𝑦−𝑤𝑦

𝑝𝑥+𝑤𝑥
𝑥=𝑝𝑥−𝑤𝑥

  (3.11) 

It can be written as: 

1

2

𝜕𝜀(𝒗)

𝜕𝒗
≈ 𝐴𝑣 − 𝑏 (3.12) 

with 

𝐴 = ∑ ∑ [
𝐼𝑥

2 𝐼𝑥𝐼𝑦

𝐼𝑥𝐼𝑦 𝐼𝑥
2 ]

𝑟𝑦+𝑤𝑦

𝑦=𝑟𝑦−𝑤𝑦

𝑟𝑥+𝑤𝑥
𝑥=𝑟𝑥−𝑤𝑥

 
(3.13) 

𝑏 = ∑ ∑ [
𝛿𝐼. 𝐼𝑥

𝛿𝐼. 𝐼𝑦
]

𝑟𝑦+𝑤𝑦

𝑦=𝑟𝑦−𝑤𝑦

𝑟+𝑤𝑥
𝑥=𝑟𝑥−𝑤𝑥

 
(3.13) 
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where (Ix, Iy) are the image derivatives with respect to x and y-direction, 𝛿𝐼(𝑥, 𝑦) = 𝐼11 (𝑥, 𝑦) −

𝐼22 (𝑥, 𝑦) =  |𝐼𝑡 (𝑥, 𝑦)|, is the modulus of the image derivative with respect to time, and  𝛿𝐼. 𝐼𝑥 is 

the dot product of the two derivatives (i.e. 𝐼𝑡 and 𝐼𝑥). 

At the optimum, 

𝜕𝜀(𝑣)

𝜕𝑣
|

𝒗=𝒗𝒐𝒑𝒕

= [0 0] 
(3.14) 

which results in solving the relation: 

𝐴𝑣𝑜𝑝𝑡 − 𝑏 = 0 (3.15) 

𝑣𝑜𝑝𝑡 = 𝐴−1𝑏 (3.16) 

With k being the iterative index, the second image 𝐼22 is related to the previous estimated 

displacement 𝒗𝑘−1 by: 

𝐼22
𝑘(𝑥, 𝑦) = 𝐼22(𝑥 + 𝒗𝒙

𝑘−1, 𝑦 + 𝒗𝒚
𝑘−1) (3.17) 

Letting  𝑛𝑘 = [𝑛𝑥
𝑘 𝑛𝑦

𝑘] to be the new residual pixel motion, the error function epsilon can be 

written as: 

𝜖𝑘(𝑛𝑘) = 𝜖([𝑛𝑥
𝑘 𝑛𝑦

𝑘]) 

𝜖𝑘(𝑛𝑘) =  ∑ ∑ (𝐼11(𝑥, 𝑦) − 𝐼22(𝑥 + 𝑛𝑥 , 𝑦 + 𝑛𝑦))
2𝑝𝑦+𝑤𝑦

𝑥=𝑝𝑦−𝑤𝑦

𝑝𝑥+𝑤𝑥
𝑥=𝑝𝑥−𝑤𝑥

 

(3.18) 

the optimal residual motion vector can be obtained by solving (from equation (3.16)): 

𝑛𝑘 = 𝐴−1𝑏𝑘 (3.19) 
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where   

𝑏𝑘 = ∑ ∑ ([
𝛿𝐼𝑘. 𝐼𝑥

𝛿𝐼𝑘. 𝐼𝑦
])

𝑝𝑦+𝑤𝑦

𝑥=𝑝𝑦−𝑤𝑦

𝑝𝑥+𝑤𝑥
𝑥=𝑝𝑥−𝑤𝑥

 
(3.20) 

and the 𝑘𝑡ℎimage difference is expressed as: 

𝛿𝐼𝑘(𝑥, 𝑦) = 𝐼11(𝑥, 𝑦) − 𝐼22
𝑘(𝑥, 𝑦) (3.22) 

With 𝐼𝑥(𝑥, 𝑦)and 𝐼𝑦(𝑥, 𝑦) computed prior to the iterative process, matrix A remains constant 

throughout the iteration. The only update in the iterations is from 𝑏𝑘 which accounts for the 

residual difference after the image is translated by 𝑣𝑘−1. Hence, both 𝑛𝑘  and 𝑣𝑘  will be updated 

with a new 𝑏𝑘:  

𝑣𝑘 = 𝑣𝑘−1 + 𝑛𝑘 (3.23) 

For the first iteration, 𝑣𝑘=1is set to [0 0]. In subsequent iterations, 𝑣𝑘 will be fed back and used 

as an initial guess for the next iteration step. The iteration will stop when either the computed 

residual motion 𝑛𝐿 converges (< 0.05), or the maximum number of iterations is reached. In our 

implementation, the maximum iteration was set to 10. The iteration process will be performed at 

each layer L. A regularization window of 9-by-9 pixels was used in our implementation.  

The modulus of image intensity differences between two successive image frames can be 

considered as a 2D map of weightings, i.e. 𝑊𝑖,𝑗 = |𝐼𝑡0(𝑥, 𝑦)| . Multiplying the weightings with 

each element (i, j) of the 2D array of optical flow vectors results in a 2D array of weighted 

optical flow solutions. To determine the average global motion, the weighted mean velocity 

〈𝑣𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑〉 (pixels/frame) was computed with: 
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〈𝑣𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑〉 =
∑ 𝑊𝑖,𝑗.𝑣𝑜𝑝𝑡𝑖,𝑗

∑ 𝑊𝑖,𝑗𝑖,𝑗
 (3.24) 

The velocity of the actual target valgo (mm/s) calculated from two image frames was determined 

from: 

𝑣𝑎𝑙𝑔𝑜 = 〈𝑣𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑〉(𝐼𝑅𝑒𝑠)(𝐼𝑅𝑎𝑡𝑒)(𝐼𝑛𝑣𝑀𝑎𝑔) (3.25) 

where IRes (mm/pixel) and IRate (frames/s) are the resolution and image acquisition rate of the 

EPID respectively; and InvMag is the inverse magnification ratio, i.e. ratio of the distance from 

the source to the moving target to the distance from the source to EPID. The EPID used had an 

image resolution of 0.391 mm/pixel and an image acquisition rate of 7.5 frames/s. The 

displacement dalgo (mm) of the calibration target between two frames was given by: 

𝑑𝑎𝑙𝑔𝑜 = 〈𝑣𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑〉(𝐼𝑅𝑒𝑠)(𝐼𝑛𝑣𝑀𝑎𝑔) (3.26) 

Integrating the changes in displacement and directions between pairs of consecutive frames 

provides an estimate of the accumulated target motion over time. However, residual errors 

incurred in the computation of motion between consecutive image frames can accumulate 

constructively over time [41]. The computed position of the target and the cumulative position 

error plot were used to analyze the errors compared to potentiometer measurements. 

To estimate the number of layers required in the multi-resolution algorithm, the entire image was 

synthetically translated by 10 pixels, corresponding to the simulated motion of 20.6 mm/s. The 

simulated motion was higher than the average lung tumor motion associated with breathing. 

Three iterations were used to compute the optical flow velocities at each image resolution level. 

Simulations were performed on a 2.2 GHz Intel Core Duo 2 system with 3 GB RAM. 
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3.2.2 Breathing phantom’s target motion 

To evaluate the accuracy of the algorithm, a calibrated potentiometer (ETI Systems LCP12) was 

attached to the linear actuator of a Radiology Support Devices (RSD) RS-1500 Breathing 

Phantom. The calibration target, used to represent a tumor, was a 30 mm
3
 cube of attenuating 

material provided by the phantom manufacturer.  This target was attached to a linear actuator 

(figure 3.1) which was used to mechanically drive the target. The motion which the target 

executes was described by the following asymmetrical cosine function [28]: 

𝑆(𝑡) = 𝑆(𝑂) − 𝐴𝑐𝑜𝑠2𝑛 (
2𝑡

𝜏
) (3.21) 

where S(t) (mm) is the position of the organ at time t, S(0) (mm) is the position of the organ at 

expiration, A (mm) is the amplitude of motion, τ (s) is the period of motion, and n is the degree 

of asymmetry of breathing pattern. In this work, n=2 was used [42]. The target was driven with 

an amplitude of 11.5 mm, a value chosen to represent typical lung tumors displacements [27]. 

The breathing rate was initially set at 12 breaths/min. Tracking of motion with periodicities of 6 

and 16 breaths/min were performed to investigate the tracking performance outside the average 

patient tumor motion of 12 breaths/min. The increase in the numbers of breaths per minute 

corresponds to a rapid transition between the inhaling and exhaling phases. 

The National Instrument LabView software and USB-6009 Data Acquisition Suite were used to 

control the motion characteristics of the linear actuator. A second LabView interface was used to 

measure the resistance of the attached potentiometer which was linearly proportional to the 

extension of the actuator arm.  The velocity was obtained by taking the derivative of the recorded 

position function with respect to time.  
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3.2.3 Image acquisition  

The tumor target placed at a distance of 100 cm from the source was irradiated using a Varian 

Linac 2100iX 6 MV beam at a dose rate of 600 MU/min. The radiation field size was 9.1 cm by 

8.2 cm, measured at the target level (i.e., the isocenter). At the EPID level, (142.3 cm from the 

source) this would translate to an irradiation area of 12.9 cm by 11.7 cm. Within this area, a 

smaller window measuring 9.2 cm by 7.0 cm (235 pixels by 178 pixels) was selected for our 

region of image analysis. This field of view that covers the motion of the target was selected at 

the center of the EPID. The parameters for the setup shown in figure 3.1(a) are given in table 3.1. 

The image sequence (figure 3.1(b)), in DICOM format, was imported into Matlab and converted 

to a double-precision image (with intensity value ranging from 0 to 1) for processing.  

 

 

Figure 3.1 : (a) Actuator and treatment couch setup; (b) image sequence showing the motion of 

the target. 

 

MV Source 

Target  

Treatment couch 

EPID 

Actuator 

Potentiometer 

(a) 

(b) 
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Table 3.1 : Parameters for measurement set-up. 

Setup Parameters Reference Values Dimensions at EPID 

Mid-line of Target (isocenter) 100 cm from source  n/a 

Imager 
142.3 cm from source n/a 

Radiation field length 
9.1 cm @ isocenter 12.9 cm 

Radiation field width 
8.2 cm @ isocenter 11.7 cm 

Target block dimension 
3.0 cm × 3.0 cm 4.3 cm × 4.3 cm 

Target motion amplitude 

(superior- inferior) 1.2 cm 1.7 cm 

Image region of interest (length) 
235 pixels @ EPID 9.2 cm 

Image region of interest (width) 178 pixels @ EPID 7.0 cm 

 

3.2.4 Evaluation of results  

3.2.4.1 Tracking accuracy compared with potentiometer  

The potentiometer data was recorded at time intervals of 0.1 s.  The data from the tracking 

algorithm was limited by the imaging frame rate of 7.5 frames/sec, which was equivalent to 

sampling at time intervals of 0.133 s. Linear interpolation was performed on the potentiometer 

data to yield a set of velocities with the same time intervals as those obtained from the algorithm. 

Synchronization of the potentiometer and image data were performed by 1) incorporating a 

triggering pulse sequence in the programmed motion, and 2) setting time equals zero for both 

potentiometer readings and optical flow tracking as the end of the triggering pulse. 
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For the linear potentiometer, a maximum linearity tolerance of 0.5% was associated with a 

maximum extension of 12 mm. The error associated with the data acquisition is negligible as the 

NI USB-6009 data acquisition card has a timing resolution of 10
-9 

s and a precision of 100 parts 

per million.  

To evaluate the algorithm’s tracking accuracy as a function of time, the data was analyzed in 

several ways. The first method utilized a histogram to analyze the distribution of the errors 

(differences) between velocity measured by the potentiometer and that determined by the 

algorithm. The histogram data was fitted with a normal distribution and the average, and 

standard deviation was determined for the entire error population derived from tracking 234 

image frames. In the second method, a linear regression analysis was used to determine the 

correlation of the velocity obtained from the potentiometer and algorithm. The third method 

involves sampling the entire image sequence into individual breathing cycles to obtain the 

sample mean and standard deviation of errors per breathing cycle. The maximum average error 

was then determined from the sample mean. The cumulative position error 𝑠 (mm) at time t (s) 

was evaluated by taking the recurrent sum of the previous position error 𝑠(𝑡 − 1) and the 

product of the current velocity error 𝑣 (mm/s) multiplied by the time interval ∆𝑡(s), i.e.: 

𝑠(𝑡) = 𝑠(𝑡 − ∆𝑡) + [
𝑣

(𝑡) ∗ ∆𝑡] (3.22) 

where 𝑣 = 𝑣𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑜𝑚𝑒𝑡𝑒𝑟 − 𝑣𝑎𝑙𝑔𝑜 Dividing the cumulative position error with the continuous 

time variable resulted in the cumulative average position error over time. The cumulative 

position error plot was used to detect the instantaneous position error while the cumulative 

average position error plot revealed the mean position error over time.  
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3.2.4.2 Tracking accuracy as a function of marker visibility and velocity  

The CNR between the target and background region (figure 3.2(a)) defined by: 

𝐶𝑁𝑅 =
𝐼𝑡̅𝑎𝑟𝑔𝑒𝑡−𝐼𝑏̅𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑

𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑
 

(3.23) 

was assessed for an image sequence of 234 frames (figure 3.2(b)). 𝐼𝑡̅𝑎𝑟𝑔𝑒𝑡 and 𝐼𝑏̅𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 are the 

mean pixel intensities of the target and background region respectively and 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 is the 

standard deviation of the intensities in the background region. Images were acquired with a 6 

MV beam at a dose rate of 600 MU/min. Since the random variations between image frames 

were small, averaging of the image frames did not increase the range of the CNR (figure 3.2(c)). 

To achieve a broader range of CNR, images with similar noise distribution but different CNR 

were artificially generated. This was done by selecting an image with a CNR closest to the mean 

value of the 234-image sequence, and scaling each pixel values in the target region uniformly to 

obtain CNR of 4.27 to 5.57. Translations of 1 to 10 pixels corresponding to target motions of 2.1 

mm/s to 20.6 mm/s (at isocenter) were simulated on each of the images. The optical flow 

algorithm and image processing procedures were then applied to track the motion. Errors relative 

to the simulated target speed (mm/s) were determined. 
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Figure 3.2 : (a) Region within the red box is defined as the target while the region outside of it is 

defined as the background; (b) CNR of the target determined for individual images; (c) 

integrated and averaged images over 234 frames. Since the random variations between image 

frames were small, averaging of the image frames did not increase the range of the CNR. 

 

3.2.4.3 Tracking accuracy with patient images 

In our preliminary experiment, a sequence of fluoroscopic video (figure 3.3) was acquired 

following the method described in [6]. A total of ten digitally reconstructed radiographs (DRRs) 

corresponding to ten breathing phases of the patient were used for tracking evaluation. Similar to 

a recent study [30, 43], ten tumor positions were manually delineated by a clinician. For 

comparison, the average of four manual delineations was used for each breathing phase. In 

addition, a centroid tracking algorithm [44], based on the segmentation between the foreground 

and the background (and finding the center of the segmented region), was adapted and used as an 

additional source of comparison. The three methods were compared using the Pearson 

Correlation Coefficient.  
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Figure 3.3 : (a) A lung patient’s DRR image; (b) sequence of the uncontoured tumor motion for 

the 10 breathing phases. 

 

3.3 Results  

3.3.1 Simulated image translation 

Figure 3.4 depicts the simulated image translation and the computed optical flow vectors 

overlaid on the normalized image difference plot. The vector field plot in figure 3.4(c), illustrates 

that although the entire image has been translated by 10 pixels, regions with strong contrast 

generate a denser vector field plot compared to regions with homogeneous intensity.  

Figure 3.5 depicts the histogram distribution of the optical flow velocity vectors for the 

simulated 10 pixels image translation for one to four multi-resolution layers. The left column 

illustrates the histogram for the horizontal vectors while the right column depicts the vertical 

motion vectors. With the actuator programmed to move only in the vertical direction, the 

horizontal vectors were expected to have a mean amplitude distribution centered at zero. For the 

vertical motion vectors, the peak at the zero amplitude is due to the zero motion recorded from 

the homogeneous regions while the peak at an amplitude of -10 pixels/frame reflects the 

(b) 

(a) 
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simulated image translation. As the number of layers for the multi-resolution algorithm increases 

from one to three, the peak of the histogram distribution corresponding to the simulated vertical 

translation increases in height. The location of the dominant peak of the distribution does not 

change significantly beyond three layers. Average computation times of 7.52 s, 8.85 s, 9.76 s and 

10.1 s were obtained for one to four layers respectively. The three-layer multi-resolution 

algorithm was an effective tradeoff between accuracy and computation efficiency for the desired 

range of motion tested.  

    

Figure 3.4 : (a) Location of the target with respect to the phantom; (b) simulated translation of 

the entire window with ∆s=10pixels; (c) computed optical flow vectors superimposed on the 

normalized difference image; (d) a zoom-in view of the optical flow vectors. 
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Figure 3.5 : Histogram for horizontal (left) and vertical (right) optical flow vectors computed 

with (a)-(b) 1 layer; (c)-(d) 2 layers;(e)-(f) 3 layers and (g)-(h) 4 layers of the multi-resolution 

algorithm. The simulated motion is 10 pixels. 
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3.3.2 Tracking accuracy compared with potentiometer 

3.3.2.1 Target moving at 12 breaths/min (clinical average) 

The velocity trajectory shown in figure 3.6(a) was obtained after computing the optical flow for a 

234-image sequence and using the conversion provided by equation (3.25). The vertical axis 

represents the velocity detected between two frames while the horizontal axis represents the 

equivalent time index between the frames. A maximum velocity of 10 mm/s was measured by 

the potentiometer. The errors between the potentiometer and the computed velocity vary around 

a mean of zero. When the actuator target was in the extension phase (i.e., in the positive velocity 

direction), the positive and negative errors correspond to underestimation and overestimation of 

the computed velocity respectively. When the target was retracting (velocity is negative), the 

positive and negative errors correspond to overestimation and underestimation, respectively, of 

the computed velocity.  Maximum and average velocity errors of 1.2 mm/s and 0.4 ± 0.3 mm/s 

were obtained for the entire sequence. The corresponding cumulative position error is shown in 

figure 3.6(b). 

Figure 3.7(a) depicts the velocity errors fitted with a normal distribution. A mean of 0 bounded 

by a 95% confidence interval of (-0.05, 0.05) mm/s and a standard deviation of 0.55 mm/s was 

obtained. The linear regression analysis between the measured and computed velocities (figure 

3.7(b)) fitted with a y = ax + b gives a = 0.97 and b = 0 bounded by 95% prediction bounds of 

(0.96, 0.98) and (-0.04, 0.05) respectively. A goodness-of-fit analysis returns a root mean square 

error of 0.5 mm/s.  
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The computed velocity profile for each breathing cycle (period of 5 s) shown in figure 3.8(a) was 

compared with the potentiometer result and the mean, and standard deviation of errors per 

breathing cycle are plotted in figure 3.8(b). A maximum average velocity error of 1.1 ± 0.6 mm/s 

per breathing cycle is observed.  

 

  

Figure 3.6 : (a) Velocities (mm/s) of the target computed using the optical flow algorithm and 

measured by the potentiometer. The velocity errors were obtained by subtracting the computed 

velocity from the measured velocity. The computed results were obtained by analyzing a 

sequence of 234 images. (b) Cumulative position error (mm) obtained by summing previous 

position error with the product of the current velocity error and its current time interval (refer to 

equation (3.21)) 
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Figure 3.7 : (a). Distribution of the differences (error) between the computed and potentiometer 

measured velocity. The mean of the distribution occurs at 0 bounded by (-0.05, 0.05) mm/s 95% 

confidence interval with 1 standard deviation of 0.55 mm/s; (b) linear regression analysis to 

determine the correlation of measured velocities with that detected by the optical flow algorithm. 
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Figure 3.8 : Velocity profile of an average breathing cycle with a period of 5 s for a 12 

breaths/min motion - (a) overlay of the computed velocity profiles of each period; (b) average 

and one standard deviation of the differences (error) between the computed and potentiometer 

measured velocity. A maximum (absolute) average velocity error of (1.1 ± 0.6) mm/s per 

breathing cycle was observed at 1.7s. 
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3.3.2.2 Target moving at 6 and 16 breaths/min  

Results for tracking motion with 6 breaths/min are presented in figure 3.9. The maximum 

velocity of 5 mm/s was measured (figure 3.9(a)). During the first 5 s where the velocity plot is 

positive (extraction phase of the actuator), a mean positive error of 0.1 ± 0.3 mm/s corresponds 

to an underestimation of the computed velocity. In the next 5 s where the velocity is negative, a 

mean negative error of -0.06 ± 0.22 mm/s indicates underestimation of the computed velocity 

during the retraction of the target. The algorithm underestimated the true velocity in both phases.  

Similar trends of underestimation during the extraction and retraction of the target were observed 

for the other periods. Overall, a maximum and average velocity error of 0.9 mm/s and 0.2 ± 0.2 

mm/s respectively were obtained for the entire image sequence. For the cumulative position 

errors at 6 breaths/min (figure 3.9(b)), all the errors were positive. For the 16 breaths/min 

motion, a maximum and average velocity error of 2.3 mm/s and 0.6 ± 0.5 mm/s were obtained 

for the entire image sequence respectively. In contrast to the 12 and 16 breaths/min, only positive 

errors were observed for the 6 breaths/min motion. The cumulative average position errors 

decrease more quickly over time for 12 and 16 breaths/min motions than the 6 breaths/min 

motion. The larger number of breathing cycles from the faster breathing motion helps to average 

out the errors.  

In analyzing the correlation between the computed and measured velocities, correlation 

coefficients of 0.95 and 0.97 bounded with a 95% prediction interval of (0.94, 0.96) and (0.96, 

0.98) were obtained for 6 and 16 breaths/min respectively. Using a similar analysis shown in 

figure 3.8, maximum average errors of 0.4 ± 0.4 mm/s and 1.5 ± 0.6 mm/s per breathing cycle 

were obtained for 6 and 16 breaths/min motions respectively.  
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Figure 3.9 : Comparison of (a) velocity profiles and (b) cumulative position errors for  

6 breaths/min. 

 

3.3.2.3 Accumulated target positions  

Figure 3.10 compares the positions computed from the algorithm (summing 𝑑𝑎𝑙𝑔𝑜 obtained from 

equation (3.26)) with those measured by the potentiometer. Maximum displacements of 11.5 mm 

were measured by the potentiometer for the three breathing rates. For 6 breaths/min (figure 

3.10(a)), underestimations of the computed positions were observed when the actuator was fully 

extended. This is supported by the analysis of the velocity error (figure 3.9(a)) provided in 

section 3.3.2.2, where underestimation is more common than overestimation in the computed 

velocity during the extraction and retraction phases of all periods. However, since the 

underestimation of the velocity is smaller during the retraction of the target (as mentioned in 
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negative-valued position at the end of each period. Maximum position errors of 1.1 mm, 0.6 mm 

and 0.7 mm, and average position errors of 0.6 ± 0.2 mm, 0.2 ± 0.2 mm, 0.1 ± 0.1 mm were 

obtained for 6, 12 and 16 breaths/min motion, respectively. 

Using a similar analysis shown in figure 3.8, maximum average errors of 0.6 ± 0.4 mm, 0.4 ± 0.2 

mm and 0.2 ± 0.1 mm per breathing cycle were obtained for 6, 12 and 16 breaths/min motions 

respectively.  

A summary of the overall tracking performance compared to potentiometer results is provided in 

table 3.2. The error analysis proves to be consistent as it is observed that the maximum average 

errors (obtained from an average breathing cycle), is in between the maximum errors and the 

average errors obtained from an entire image sequence. Generally, as the breathing rate 

increases, the velocity errors increase while the position errors decrease. This apparent 

contradiction is explained in the Discussion (section 3.4). 

Figure 3.10 : (a)-(b) Position of actuator accumulated from the detected inter-frame 

displacement for 6 and 12 breaths/min respectively. 
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Table 3.2 : Summary of tracking results compared with potentiometer measurements. 

 6 breaths/min† 12 breaths/min† 16 breaths/min† 

Max velocity error 

(mm/s) 
0.9  1.2  2.3  

Max position error (mm) 1.1  0.6  0.7  

Average velocity error 

(mm/s) 
0.2 ± 0.2  0.4 ± 0.3 0.6 ± 0.5  

Average position error 

(mm) 
0.6 ± 0.2  0.2 ± 0.2 0.1 ± 0.1  

Maximum average 

velocity error over a  

breathing cycle (mm/s) 

0.4 ± 0.4  1.1 ± 0.6  1.5 ± 0.6  

Maximum average 

position error over a 

breathing cycle (mm/s) 

0.6 ± 0.4  0.4 ± 0.2  0.2 ± 0.1  

Correlation coefficient * 0.95 (0.94, 0.96) 0.97 (0.96, 0.98) 0.97 (0.96, 0.98) 

*Correlation coefficient between computed and measured velocity with 95% prediction interval. 
†
Maximum velocities of 5, 10 and 12.5mm/s were measured for 6, 12 and 16 breaths/min 

respectively. 

(For all errors, the absolute values are reported, i.e. without the sign). 

 

 

3.3.3 Tracking accuracy as a function of CNR 

Figure 3.11(a) and (b) graphs the absolute and relative error of the computed velocity versus the 

simulated velocity for images with different CNR. A CNR of 4.58 corresponds to the image 

without contrast enhancement. In both plots, the error reduces as CNR increases. While the 

absolute error decreases from an average of 1.2 ± 0.7 mm to an average of 0 ± 0.1 mm, the 
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corresponding relative error decreases from 11.2 ± 1.2 % to 0.3 ± 0.3 % as the CNR increases 

from 4.27 to 5.6. In addition, as CNR increases, errors are less dependent on velocity. At low 

CNR, the absolute errors (figure 3.11(a)) increase with velocity. However, this corresponds to a 

reduction when measured in terms of relative error (figure 3.11(b)). Despite a decrease in the 

relative error, a higher level of uncertainty is observed as the simulated velocity increases. With 

CNR of 4.58, the absolute errors for the simulated velocities are in the same range as those 

obtained when making the comparison with potentiometer measurements (table 2.2). A similar 

trend of increasing velocity errors as the velocity increases was observed when compared with 

potentiometer measurements. 

 

 

 

 

Figure 3.11 : (a) Absolute and (b) relative error versus simulated velocity for images with 

different target CNR. In both plots, higher errors are associated with low CNR. 
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3.3.4 Tracking accuracy with patient images 

Figure 3.12 compares the performance of the three methods (i.e. optical flow, centroid tracking, 

and manual delineation) in tracking the tumor motion shown in the patient DRR images (figure 

3.3b). From frame 1 to frame 6, the tumor is observed to be traveling in a negative direction. 

This corresponds to the upward motion of the tumor (inhalation of the lung) observed in the 

respective image sequence shown in figure 3.3. Beyond frame 6, the tumor travels in the 

opposite direction that corresponds to the exhalation of the lung. Minimum velocity is observed 

in frame 6 when the breathing transits from inhalation to exhalation. The error bars for optical 

flow and centroid tracking algorithm were computed by considering the localization error due to 

imaging uncertainty. For manual delineation, the uncertainty includes both interobserver 

deviations and the imaging uncertainty. The piecewise (Pearson) correlation reports a correlation 

that is greater than 0.95 for the magnitude and 0.97 for the direction between all methods with a 

p-value lower than 0.001 in all cases. 
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Figure 3.12 : Comparison of tracking performances in terms of (a) direction and (b) magnitude 

of velocity (pixels moved per frame) of tumor motion for patient images shown in figure 3.3. 

The negative direction from frame 1 to frame 6 corresponds to the upward motion of the tumor 

(patient inhalation) observed in the respective images in figure 3.3. Minimum velocity is 

observed in frame 6 when the breathing transits from inhalation to exhalation. 

 

3.4 Discussions 

From the comparison with potentiometer measurements (table 3.2), it is observed that the 

velocity error generally increases with higher breathing rates while the position error decreases 

with higher breathing rates. This contradiction in the trend of the errors can be explained as 

follows:  



86 

 

i) Higher breathing rates are associated with greater maximum velocities. With these greater 

maximum velocities, larger errors are incurred due to the limitations of the algorithm. This 

is supported by the simulation results shown in figure 3.11(a).   

ii) At the same time, the decrease in position error with faster breathing pace is due to the 

position error of the actuator being a cumulative sum of the displacement errors between 

image frames. Similar to the velocity errors, underestimation, and overestimation of 

displacement exists between image frames. With more breathing cycles, the cumulative 

effects of the displacement errors get averaged out frequently, resulting in smaller 

cumulated position errors. This could occur only when the displacement errors, similar to 

velocity errors, are cyclical and bounded as opposed to monotonically increasing. The above 

analysis regarding the higher rate of error cancellation for the faster breathing pace is 

supported by the rapid decrease of the cumulative average position error. Another possible 

reason for the small position errors is due to the fact that the cumulative displacement errors 

simply do not have as much time to build up during the shorter breathing cycles. 

Given a longer duration of radiation, the position error magnitude is likely to get eliminated for 

the slower breathing rate.  

The magnitude of errors obtained from the comparison with potentiometer measurements is in 

the same range as those obtained with the simulated velocity. The maximum range of CNR for 

clinical portal images is around 5 to 10 [35]. From the acquired image sequence of our 

anthropomorphic phantom target, the average CNR of the images is around 4.56. In the absence 

of published literature on the typical CNR of lung / lung tumors for MV portal images, 

simulation is performed to create images having a range of CNR values. To provide an estimate 
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of how the tracking accuracy would deviate from our present study of using an anthropomorphic 

phantom, a set of images was created with CNR values varying around 4.56 (i.e. from 4.27 to 

5.6). From the results, higher tracking errors are observed to be associated with images having a 

lower CNR (i.e. 4.27-4.75). As CNR increases beyond 5.4, both absolute and relative error 

approach zero. The smaller errors (obtained from the simulated images with CNR > 5.4) 

compared to the results of tracking the target over the acquired image sequence are as expected 

since the mean CNR of the acquired image sequence is about 4.56. This study provides a first 

attempt to estimate the variation of optical flow tracking performance due to changes in EPID 

CNR. The variation of the CNR was simulated by changing the contrast of the target. 

Acquisition of clinical images with a wider range of contrast as well as verification of the 

tracking accuracy of these images would be carried out in the future.  

In conventional radiotherapy, an ITV would be required to accommodate the typical motion of a 

tumor [27]. With tracking, the radiation beam can be delivered to conform to the moving target. 

Based on the average maximum position error of our tracking algorithm (1 mm), and assuming 

that the motion is dominant in the superior-inferior direction, the elimination of the ITV could 

reduce the normal tissue irradiated by approximately 9.5 mm. The 1 mm positional tracking error 

could be added to the setup error margin. For a 5 cm diameter (stage T2) [45] lung tumor, this 

would reduce the V20 (% of lung volume receiving at least 20 Gy of radiation dose) by 

approximately 200 cm
3
 (~6%) [46]. This corresponds to a 6% reduction in radiation-induced 

pneumonitis [47]. 

Using template matching to track the motion of a phantom moving at 10.5 breaths/min resulted 

in an average position tracking error of 0.57 ± 0.28 mm for a maximum displacement of 10mm 

[22]. In comparison, an average tracking error of 0.4 ± 0.2 mm per breathing cycle was 
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established for our algorithm with a target moving at 12 breaths/min over a maximum 

displacement of 11.5 mm. Our results are thus similar to those using template matching. 

However, the ground truth used for those benchmarks was based on a clinician’s manual 

delineation of the target trajectory throughout the entire image sequence. The average manual 

delineation uncertainty was quoted as 0.51 ± 0.19 mm, and the accuracy of tracking algorithms 

based on manual delineation is therefore limited by the variability in the manual delineation 

process itself [24]. This is to our knowledge the first study where 1) an uncontoured target is 

being tracked automatically on EPID images, and 2) an independent measurement is used to 

establish the accuracy of a tracking algorithm. 

In most of the previous EPID target-tracking studies [17-22], the variation in the tracking 

accuracy for different breathing rates was not fully studied. By using a programmable phantom, 

the accuracy of our proposed motion tracking algorithm, with different breathing rates, has been 

established. A multi-template approach [22] is more accurate than the single-template tracking 

method proposed in [20] because the multiple smaller templates (3 templates) are able to account 

better for the deformation of targets when the average is taken over a larger number of samples. 

In our algorithm, the average optical flow value is computed from individual pixel motion. This 

represents a larger number of samples compared to the multi-template approach. In addition, the 

matching error between the tumor and template increases when the tumor deforms over the 

treatment course [23]. Hence, instead of having a fixed template for the entire image sequence, 

an adaptive set of thresholds utilizing the image-difference weighting is incorporated in our 

tracking. This caters to fluctuations in the image intensity of the surrounding tissue during 

breathing. Our method, which operates at a pixel-by-pixel level, has the potential of being more 
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sensitive in detecting the motion of a tumor than a template delineated approach which is based 

on a human’s visual capability to differentiate between a markerless tumor and its background. 

With a global averaging approach, the algorithm assumes that the motion detected from the 

beam’s eye view is that of a tumor target. Any intrusion of surrounding structures moving in a 

different direction will affect the accuracy of the tracking results. Detection and discrimination of 

optical flow vectors due to intruding structures will be studied in future work.  The prediction of 

the target position to compensate for system lag in modifying the treatment beam will be built 

upon the accuracies established in this paper.  

3.5 Conclusions 

This work establishes the accuracy of using an optical flow algorithm to track a tumor-like 

motion in a clinical treatment machine. By comparing the tracking of our algorithm with a 

potentiometer measurement, average position errors of 0.6 ± 0.2 mm, 0.2 ± 0.2 mm and 0.1 ± 0.1 

mm and average velocity errors of 0.2 ± 0.2 mm/s, 0.4 ± 0.3 mm/s and 0.6 ± 0.5 mm/s are 

obtained for 6, 12 and 16 breaths/min motion, respectively. This tracking approach has smaller 

positional errors for faster breathing rates even though the velocity errors are larger. This is 

because the average error reduces with the increased number of breathing cycles present at 

higher breathing rates. Tracking errors were found to be strongly dependent on the velocity at 

low CNR.  

Previous studies exhibited large errors when using optical flow algorithms to detect object 

motion on EPID imaging [33]. This study has shown that by using a dynamic threshold for 

weighting the optical flow vectors, an EPID can be used to obtain accurate motion. This study 

has also shown that when the algorithm was used to track a tumor on patient DRR images, the 
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tracking performance of our algorithm was statistically similar to that of both a manual 

delineation process and a centroid tracking algorithm. Although the accuracy of our approach is 

similar to that of other methods, it has the benefits of not requiring manual delineation of the 

target or prior knowledge of the tumor features from a training data set and can, therefore, 

provide accurate real-time motion estimation during treatment.  
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Chapter 4 Tracking of Uncontoured Target using Global Motion Detected within a 

Treatment Aperture: A Comparison of Three Approaches Using a Weighted Optical 

Flow Algorithm and a Virtual DMLC 

 

This chapter compares the performance of a weighted optical flow algorithm (developed in 

chapter 3) implemented with three different reference image update techniques. The accuracy 

and susceptibility of each algorithm to the accumulation of positional errors was compared using 

a virtual DMLC and a printed patient tumor as a control.  Part of the work was published as a 

book chapter in volume 51 of the IFMBE Proceedings series, DOI 10.1007/978-3-319-19387-

8_141, and presented at the World Congress on Medical Physics and Biomedical Engineering, 

June 2015 Canada. The material is also prepared for submission to Medical Physics by the author 

of this dissertation. 

Abstract 

Purpose: To improve the efficacy of radiation treatment, accurate tracking of the target, during 

treatment, is desirable. This work investigates the feasibility of tracking a markerless, 

uncontoured target using the motion detected within a treatment aperture. Tracking was achieved 

using a weighted optical flow algorithm, implemented using three different techniques for 

updating the reference image. The accuracy, and susceptibility of each algorithm to the 

accumulation of position errors, were compared using a virtual DMLC and a 3D printed patient 

tumor as a control.  

Methods: Images of target motion with ranges of between 4.6 mm to 15.8 mm (peak-to-peak) 

taken from the breathing patterns of seven lung cancer patients were acquired using an 



96 

 

amorphous silicon portal imager (AS1000, Varian, Palo Alto, CA) at ~7.5 frames/s.  A weighted 

optical flow algorithm was used to track the motion with three different reference image 

registration techniques. The first technique (INI) used the initial irradiated field as a fixed 

reference image to determine the target motions for each new incoming image. In the second 

technique (SEQ), the reference image was updated sequentially by the (previous) image acquired 

just prior to the current irradiated field. The motion was computed by accumulating the changes 

between sequential pairs of images, acquired over the treatment delivery. The last method 

(PERD), periodically updated the reference image at the end-of-exhale (EoE) of each breathing 

cycle. Motion between the EoE was with respect to the current reference, and the motion 

between consecutive EoE were computed with sequential updates of the reference images.  The 

slope of the position and velocity profiles were used to automatically detect the EoE. A virtual 

Dynamic Multi-Leaf Collimator (DMLC) system was implemented to simulate the adaptation of 

the treatment aperture based on the motion detected. The accuracies of the algorithms were 

compared using a printed patient tumor as a control.  

Results: When using realistic tumor motion, position errors were observed to accumulate during 

the tracking of the target motion over an MV EPID image sequence. The INI method was the 

least prone to accumulation of position errors, followed by the SEQ and PERD method. Mean 

absolute errors of 0.16 mm, 0.32 mm and 0.38 mm and precisions of 0.32 mm, 0.68 mm, and 

0.79 mm were obtained for the INI, SEQ and PERD methods respectively. Overall, the INI 

approach performs the best with the smallest error and is the most robust against the 

accumulation of position errors. Position errors were observed to accumulate from either (1) a 

single error in the displacement, or (2) a series of small constructively-added inter-frame 

displacement errors.  



97 

 

Conclusions: A weighted optical flow algorithm implemented with three different reference 

image registration techniques was shown to successfully track a markerless, uncontoured target 

using the global motion computed inside the treatment aperture.  Although the errors are 

comparable to other tracking methods, the proposed method does not require a tumor template or 

contour for tracking.
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4.1 Introduction 

The management of intra-fractional tumor and organ motion is important to the efficacy of 

radiation therapy. Respiratory-induced tumor motion in the lung could potentially result in the 

under-treatment of the tumor and over-dosing of healthy tissues. Although margins have been 

used to encompass tumor motion during beam delivery, the surrounding healthy tissues are 

exposed to unnecessary radiation.  

Clinical implementations of concurrent tumor irradiation and tracking is limited to the robotic 

CyberKnife system from Accuray Inc., CA. [1, 2]. Other systems that track the tumor motion and 

adapt the aperture to create a stationary tumor with respect to the treatment beam are limited to 

research prototypes [3-5]. A clinical trial for prostrate tumor tracking has been performed using 

an electromagnetically-guided transponder with a DMLC system. [6] Key processes in these 

adaptive systems such as accurate tracking of the tumor and rapid adaptation of the treatment 

beam make it a challenge to realize these systems physically. The availability of a virtual system, 

such as the VERT 2.9 platform (Vertual Ltd. Hull, UK), would allow a breakdown of these 

processes to be simulated and verified before implementing it clinically.  

The use of MV images from electronic portal imaging devices (EPID) to monitor motion is 

desirable since the tumor can be tracked directly with the residual treatment beam and no 

additional patient dose or external surrogates are involved. However, EPID has inherently poor 

contrast, and this poses a challenge for accurate motion tracking [7]. Although various 

markerless [7-13] and marker-based tracking algorithms have been implemented, the use of 

markers suffers the potential risks of pneumothorax [14] and marker migration of up to 2.7 cm 

has been reported [15].  
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While most of the markerless tracking techniques require a pre-defined template or contour to 

track [7-13], optical flow algorithms [16-19], which are pixel level algorithms, can potentially 

track motions without a manually-delineated template or extensive learning with a priori data 

[16, 17]. The individual optical flow vectors allow motion analysis to be performed at the global 

level or over a local region. These features enable it to:  detect a partially occluded object from 

the motion vectors [16], infer structure from motions [17] and track unplanned intrusions into the 

field of view [16, 17, 19]. For tumor tracking during radiotherapy, similar problems, such as the 

partial occlusion of the tumor, due to the MLC leaves or overlapping structures along the beam, 

is encountered.  Unlike template tracking, local optical flow vectors could be used to track 

partially occluded targets and uncontoured external structures which intrude into the irradiated 

field in an unplanned way [19]. 

In previous work by Xu et. al., [12], to track markerless tumor motion, a two-stage process was 

used. A contour is delineated on a reference image and an optical flow algorithm is used to track 

the edges represented by the contour. To eliminate uncertainties in the optical flow vectors 

computed, template matching is then performed around the tumor position estimated from the 

optical flow algorithm. In contrast, our previous work tracked uncontoured tumor motion with 

sequential image pairs using a weighted optical flow algorithm to emphasize regions that provide 

accurate optical flow vectors [18]. In that work, it was assumed that with proper patient setup, 

the irradiated field would encompass the tumor in the initial frame and the average global 

motions detected in subsequent images were due to the movement of the main target. 

However, with sequential tracking over long image sequences, tracking errors tend to 

accumulate. When these errors accumulate constructively, a drift in the tracked position occurs, 

as observed in medical images [12, 20-23], as well as images for non-medical applications [24, 
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25]. The accumulation of position errors was insignificant while tracking a tumor moving with a 

theoretical (i.e. asymmetrical cosine) function on MV images [18]. However, while using the 

same optical flow algorithm to track motion obtained from a patient’s tumor trajectory, the 

accumulation of position errors due to the uneven cancellation of errors was noticeable [23]. 

Although image registration with a reference image could eliminate the accumulation of tracking 

errors, the image quality of the reference image is key to avoiding any systematic errors for all 

subsequent image comparisons [25]. In addition, changes in the background and object shape 

could render the initial frame that was defined from a distant location obsolete when compared to 

subsequent images [11, 24-25]. 
 
Hence, techniques using periodic reference image update have 

been proposed to mitigate both the accumulation of tracking errors associated with sequential 

image tracking as well as the systematic error of using a poor image reference defined from the 

initial frame of an image sequence [24-25]. 

This work is an extension of our previous works where a weighted optical flow algorithm was 

used to autonomously track the average global motion of a markerless, uncontoured lung tumor 

on electronic portal images [18]. In contrast to static tracking [26, 27] presented in our previous 

work [18, 19]
 
and by Xu et al. [12], dynamic tracking [26, 27] with the adaption of the aperture 

[5, 28] was used for this study. The images used therefore reflect the beam’s eye view (BEV) for 

the treatment 

Three techniques for updating the reference image as well their susceptibility to the 

accumulation of positional errors were investigated. In the first method (INI), the initial frame in 

the sequence was used as the reference image for the determination of tumor motion in all future 

images. In the second method (SEQ), the reference image was updated sequentially to the 

previous image where the position of the tumor was last determined. In the third method 
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(PERD), the reference image was updated periodically at the end-of-exhale (EoE) of each 

breathing cycle. These different implementations of the weighted optical flow algorithm were 

compared using the MV images of a 3D printed lung tumor of a patient as a control for our 

study. A virtual DMLC system similar to that presented by Pepin et al. [29] was implemented to 

model the tracking and update of the aperture, for the tumor trajectories of seven lung cancer 

patients.  

4.2 Methods and Materials 

4.2.1 Brief review of weighted optical flow algorithm 

A summary of our previous work on using the weighted optical flow algorithm to track tumor 

motion is provided in this section. The algorithm assumes that the intensities for the 

corresponding pixels between two images remain constant and motion between two images is 

small in order to be tracked accurately. Our implementation, which aims to track a target without 

a template or contour, utilizes a two-stage process. Firstly, the optical flow vectors were obtained 

using a multi-resolution scheme to provide tracking over the required distance. A 9-by-9 pixel 

window was used to provide a region necessary to support the computation of valid optical flow 

vector using the Lucas-Kanade local least squares approach [30]. Secondly, an average 

weighting based on the image differences was used to select the vectors corresponding to the 

motion observed in the non-homogeneous regions. An accuracy of 0.6 mm was obtained for 

tracking a 30 mm (average diameter) target moving with a maximum peak-to-peak distance of  

10 mm.  
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4.2.2 Virtual dynamic multi-leaf collimator (virtual DMLC) 

In this work, the focus is on comparing the algorithm’s tracking performance using different 

reference MV images for registration. To eliminate the impact of latency due to the adaptation of 

the MLC leaves, a virtual DMLC system with infinite maximum leaf speed and acceleration 

similar to that proposed by Pepin et. al. [29] was implemented in MATLAB (The MathWorks 

Inc, MA). Virtual MLC leaves with a width of 5mm at the isocenter (18 pixels on the EPID at 

140 cm from the source) were used to form a circular treatment aperture. The MATLAB code for 

the creation of a virtual DMLC aperture based on a given diameter and width of the MLC is 

available for download [31]. 

4.2.3 Weighted optical flow algorithm implementation with different reference image 

update 

4.2.3.1 Using the initial image as a fixed reference image (INI) 

In the INI method, all incoming images were registered directly with the initial frame of the 

image sequence, IM(1). The optical flow algorithm was applied to determine the inter-frame 

displacements between all subsequent images and the first image IM(1).  (figure 4.1). For the i
th 

image IM(i)., the position of the center of the aperture 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒and target 𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡 along the 

superior-inferior (SI) direction can be written as: 

𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(𝑖) =  {

                            𝑃0                              𝑖 = 1,2           

𝑃0 + ∑ 𝑂𝐹𝐼𝑁𝐼(𝑖 − 2)

𝑛

𝑖

;        𝑖 ≥ 3
 

(4.1) 

𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡(𝑖) =  𝑃0 + ∑ 𝑂𝐹𝐼𝑁𝐼(𝑖 − 1)

𝑛

𝑖

;                  𝑖 ≥ 2 
(4.2) 
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where 𝑂𝐹𝐼𝑁𝐼(𝑖 − 1) is the optical flow displacement between IM(1) and IM(i), 𝑃0 =

𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(1) is the position of the center of the aperture for the first (and second frame) and n 

is the number of frames in the image sequence. For the present study, it was assumed that the 

target was positioned at the isocenter and the first image was acquired with the center of the 

target and the center of the aperture at isocenter, i.e.   𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡(1) = 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(1) =  P0 = 0. 

As a proof-of-concept, the target was programmed to move in the superior-inferior (SI) direction. 

As a result, the position was measured from inferior (negative) to superior (positive). This 

formulation can be extended to include motion in the other directions. A detailed derivation 

using a mathematical induction process is presented in the supplementary materials. 

 

 

Figure 4.1 : A schematic depiction of weighted optical flow tracking using a virtual DMLC and 

an initial image as a fixed reference image for subsequent motion computation (INI). In this 

method, all incoming images (IM(2), IM(3), etc.) were registered directly with IM(1) to calculate 

inter-frame displacements using the optical flow algorithm. 

 

IM(4) IM(3) IM(2) IM(1) IM(i) IM(5) 

𝑂𝐹𝐼𝑁𝐼(2) 
𝑂𝐹𝐼𝑁𝐼(1) 

𝑂𝐹𝐼𝑁𝐼(i-1) 𝑂𝐹𝐼𝑁𝐼(3) 

OFINI (IM(1), IM(2)) OFINI (IM(1), IM(3)) OFINI (IM(1), IM(4)) 

IM(1)  IM(2)  

IM(1) 

e2)) 

IM(3)  
IM(1)  IM(4)  

OF
INI

 (1) 

OF
INI

 (1) 

OF
INI

 (2) 

OF
INI

 (2) 
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4.2.3.2 Sequential reference image update (SEQ). 

In the second method (SEQ), the first irradiated field of the sequence was initially used as the 

reference image. Following the acquisition of a new image, the motion between the new image 

and the reference image was calculated. Once the motion was determined, the new image 

becomes the reference image for the next optical flow calculation (figure 4.2). The position of 

the aperture 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒 and target 𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡 in image IM(i) were updated cumulatively and are 

given as: 

𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(𝑖) =  {

                            𝑃0                              𝑖 = 1,2           

𝑃0 + ∑ 𝑂𝐹𝑆𝐸𝑄(𝑖 − 2)

𝑛

𝑖

;        𝑖 ≥ 3
 

(4.3) 

𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡(𝑖) =  𝑃0 + ∑ 𝑂𝐹𝑆𝐸𝑄(𝑖 − 1)

𝑛

𝑖

;                𝑖 ≥ 2  
(4.4) 

where 𝑂𝐹𝑆𝐸𝑄(𝑖 − 1)is the optical flow displacement between image IM(i -1) and image IM(i), 

and 𝑃0and n are defined in equations (4.1) and (4.2). 

 

Figure 4.2 : A schematic depiction of the motion tracking using the sequential reference image 

update method (SEQ). In this approach, the first image of the sequence IM(1) was initially used 

as the reference. Following the acquisition of a new image IM(2), the motion between the new 

image and the reference image was calculated. Once the motion was determined, IM(2) becomes 

the new reference image for the next optical flow calculation with IM(3). 

OFSEQ(1) 

OFSEQ(2) 

OFSEQ (IM (2), IM(3)) 
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e(2)) 

IM(2) 

e(2)) 
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IM(3) 

e(2)) IM(3) 

e(2)) BEV(4) 

e(2)) 

OFSEQ(IM(3), IM(4)) 

OF
SEQ

(1) 
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SEQ
(2) 

OFSEQ(IM(1), IM(2)) 
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4.2.3.3 Periodic reference image update (PERD) 

The third method (PERD) used a combination of sequential reference image registration and 

periodic registration with an ‘anchor’ [21] reference image (figure 4.3). The anchor image was 

obtained at the end-of-exhale (EoE) of each breathing cycle where image registration was 

performed between the previous reference IMRef(m-1) and image IM(i) acquired at EoE, where m 

is the index of EoE occurrences in the breathing trace. After registration with the previous 

reference image, the new image at the EoE was assigned as the new reference for the following 

breathing cycle. The position of the target in the new breathing cycle obtained with sequential 

image registration was calculated using Postarget_Ref as the new reference position determined at 

EoE. The reason for selecting the EoE to update the reference image is because the tumor 

position is most re-producible during EoE [32]. 



106 

 

 

Figure 4.3 : A schematic depiction of motion tracking using a periodic reference image update 

method (PERD). This method uses sequential reference image registration (SEQ) within each 

breathing cycle. At the end of each breathing cycle (EoE), a new reference image, for example, 

IMRef(2) was created by calibrating this image with the previous reference image IMRef(1). The 

position of the target in the new breathing cycle (obtained with sequential image registration) 

was calculated using the new reference position determined at the EoE. 

 

In between EoE, the position of the treatment aperture 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒 and target 𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡 at image 

IM(i) can be expressed as:   

𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(𝑖) =  {

                            𝑃0                                             𝑖 = 1,2

𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒𝑅𝑒𝑓(𝑚) + ∑ 𝑂𝐹𝑆𝐸𝑄(𝑖 − 2)            𝑚 ≥ 1, 𝑖 ≥ 3

𝑛

𝑖=1

 

(4.5) 

𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡(𝑖) =  𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(𝑖) + ∑ 𝑂𝐹𝑆𝐸𝑄(𝑖 − 1)             𝑖 ≥ 2 

𝑛

𝑖=1

 
(4.6) 
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At EoE, the new m
th

 reference position of the target 𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡_𝑅𝑒𝑓(m) as well as its position 

𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡(𝑖) with respect to the EPID image sequence were given by:   

𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡𝑅𝑒𝑓(𝑚) =  𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(𝑖) + 𝑂𝐹𝑃𝐸𝑅𝐷(𝑚 − 1)          𝑚 ≥ 1, 𝑖 ≥ 2 (4.7) 

𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡(𝑖) =  𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡𝑅𝑒𝑓(𝑚)                               𝑚 ≥ 1, 𝑖 ≥ 2 (4.8) 

where 𝑂𝐹𝑃𝐸𝑅𝐷(𝑚 − 1) is the optical flow displacement obtained between the previous reference 

image IMRef(m −  1) and IMRef(m ). The displacement of the target 𝐷𝑖𝑠𝑝𝑡𝑎𝑟𝑔𝑒𝑡_𝑅𝑒𝑓 at EoE 

measured with respect to its position in the previous IM image (i −1) is determined from: 

 𝐷𝑖𝑠𝑝𝑡𝑎𝑟𝑔𝑒𝑡𝑅𝑒𝑓(𝑚) = 𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡𝑅𝑒𝑓(𝑚) − 𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡(𝑖 − 1)           𝑚 ≥ 1, 𝑖 ≥ 2 (4.9) 

The current position of the aperture 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒 in image IMi will be assigned as the new 

reference position for the aperture: 

𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒𝑅𝑒𝑓(𝑚) = 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(𝑖)                         𝑚 ≥ 1, 𝑖 ≥ 2 (4.10) 

The aperture 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒 in the immediate image IM(i+1) following the reference calibration 

will be updated with the displacement 𝐷𝑖𝑠𝑝𝑡𝑎𝑟𝑔𝑒𝑡𝑅𝑒𝑓  determined at the new reference position: 

𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(𝑖 + 1) =  𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒𝑅𝑒𝑓(𝑚) + 𝐷𝑖𝑠𝑝𝑡𝑎𝑟𝑔𝑒𝑡𝑅𝑒𝑓(𝑚)        𝑚 ≥ 1, 𝑖 ≥ 2 (4.11) 

By updating the reference image at each EoE, a new reference image was obtained for each 

breathing cycle. 

The determination of the EoE was achieved autonomously by using the higher order derivatives 

of the position trajectory of the tumor, such as the inter-frame displacement (velocity) and 

acceleration. The tumor was assumed to be at the EoE when the following conditions were met. 

Firstly, using a moving window of four inter-frame displacements 𝐷𝑖𝑠𝑝𝑡𝑎𝑟𝑔𝑒𝑡 and assuming that 
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the exhale phase was associated with negative inter-frame displacement, an EoE was considered 

to have occurred two frames earlier when the previous third and fourth inter-frame displacements 

were negative while the current and previous inter-frame displacements were non-negative: 

𝐷𝑖𝑠𝑝𝑡𝑎𝑟𝑔𝑒𝑡(𝑖 − 𝑎) {
< 0            𝑎 = 3.4 
 ≥ 0            𝑎 = 1, 2

               𝑖 ≥ 4 
(4.12) 

where 𝐷𝑖𝑠𝑝𝑡𝑎𝑟𝑔𝑒𝑡(𝑖 − 1) is the optical flow displacement between image IM(i -1) image and 

IM(i). The window of data serves as a filter to remove the impact of random noise. Secondly, 

assuming that deceleration is associated with exhale and acceleration is associated with inhale, 

then EoE could have potentially occurred two frames earlier when: 

𝐷𝑖𝑠𝑝𝑡𝑎𝑟𝑔𝑒𝑡(𝑖 − 𝑎) − 𝐷𝑖𝑠𝑝𝑡𝑎𝑟𝑔𝑒𝑡(𝑖 − 𝑏) {
< 0          (𝑎, 𝑏) = (3,4),
 ≥ 0         (𝑎, 𝑏) = (1, 2),

          𝑖 ≥ 5 
(4.13) 

In other words, using the four data points, EoE was detected when the first two displacements 

and acceleration were positive (or zero) while the other two respective data were negative. 

Although a larger moving window could be used to filter out the noise, it would delay the 

adjustment of the reference to two frames after the EoE. 

4.2.4 Evaluation 

The techniques were evaluated by tracking the motion of a printed 3D lung tumor phantom 

projected on MV images (refer to figure 4.4). The 3D printed tumor, obtained from the CT image 

of patient #64 of the Lung Image Database Consortium (LIDC) [33]
 
has an average diameter of 

27mm. It is not connected to the lung wall or to any major bronchi, which made it easier to 

isolate and convert to an .STL (Stereo lithography) file for fabrication. The tumor was fabricated 

using a Solidoodle2 (Solidoodle LLC,NY) printer with Acrylonitrile Butadiene Styrene (ABS) as 
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its filament material. Following the guidelines of the Radiation Therapy Oncology Group 

(RTOG) 0236 as well as the adaptation of the margin suggested by Colvill et al., [34] a margin 

of 5 mm was added around the tumor to provide a Planning Target Volume (PTV) of 37 mm. 

Due to the finite width of the MLC leaves, a circular aperture with a diameter of 40 mm (144 

pixels with EPID at 140 cm) comprising of eight columns of 5 mm MLC leaves were 

implemented in our virtual DMLC system (described in Section 4.2.2). 

Motion trajectories (SI direction) representing the average clinical tumor motion (represented by 

an asymmetrical cosine function [35]), and from seven cancer patients measured by the 

CyberKnife [36], were used to drive the actuator supporting the 3D tumor. The characteristics of 

these motion traces, which were selected to represent a diverse patient tumor motion, are shown 

in table 4.1. In addition to the maximum peak-to-peak position, velocity and acceleration, the 

frequency of each motion trace was characterized by the dominant frequency component of their 

respective frequency spectrum. MV EPID (AS-1000) images were acquired in continuous 

acquisition mode with the tumor and EPID positioned at 100 cm and 140 cm respectively from 

the source of a Varian Clinac linear accelerator delivering a 6MV beam at 600 MU/min. The 

EPID imager has a resolution of 0.39mm/pixels and an acquisition frame rate of 7.5 frames/s. An 

average of 200 images was collected for each motion trace. The motions estimated from these 

images (using the algorithm) were compared with the motions of the actuator obtained from a 

potentiometer attached to it and the position errors (tracking – potentiometer readings) were 

recorded. The accuracy of each method was obtained by taking the mean position difference (and 

the standard deviation) for all the patients. The precision of each method was estimated by taking 

the width of the central 68% of the distribution of position differences after normalizing each 

distribution to its mean error. 
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Figure 4.4 : Setup and control for the comparison of the three different implementations of the 

algorithm: (a) Tumor model obtained from patient #64 in the LIDC database; (b) a 3D tumor 

printed with Acrylonitrile Butadiene Styrene material; (C) irradiation with Varian Linac; (d) 

acquisition of MV EPID images; (e) implementation of a virtual DMLC to follow the motion of 

a tumor (MV image enhanced for display).'. 

 

Table 4.1 : Characteristics of the tumor motions (SI direction) of seven 

CyberKnife patients  

Patient 

Max 

Position * 

(mm) 

Max 

Displacement 

(mm/frame) 

Max 

Acceleration 

(mm/s
2
) 

Dominant 

Frequency 

(Hz) 

1 7.9 1.4 50.5 0.42 

2 9.2 1.6 27.0 0.42 

3 9.5 1.6 32.6 0.43 

4 15.8 2.6 50.6 0.26 

5 4.6 0.6 19.1 0.26 

6 8.0 1.4 35.4 0.21 

7 8.7 1.2 18.6 0.20 

  *Amplitude of motion 

 (e) 

(a) 

(b) 

(c) 
(d) 
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4.3 Results  

Figure 4.5(a) to (g) depicts the inter-frame displacement (mm/frame), position (mm), 

displacement error (mm/frame) and position error (mm) for patients 1 to 7 respectively. 

Accumulation of displacement errors resulting in a drift (in the position) was observed for the 

trajectories of patient 1, 3, 5 and 7 tracked using the SEQ method. The drifts were observed at 

time > 11.5 s and time > 14s for patients 1 and 3 respectively. For patient 5, the drifts were 

observed in between 15s – 20 s. For patient 7, the drift occurred at time > 10 s. For the PERD 

method, discrete deviations of the inter-frame displacements are observed more frequently 

compared to the other two methods. These isolated events manifested as distinct shifts in the 

estimated displacement value away from the expected value. The shifts, reflected in the 

corresponding displacement error plots, are due to the re-calibration of the target’s position at 

EoE. However, some displacement shifts are observed in between EoEs. These shifts are due to 

spurious detections of the EoEs. These spurious detections cause the reference position to be 

updated using images that are apart from those at EoE. As an example, from the position error 

plot shown in figure 4.5(c) (patient 3), there is an accumulation (in the negative direction) of the 

position error from 13.7 s to 15 s. This is caused by a spurious update of the reference position at 

13.7 s, indicated by a distinct shift in the displacement error plot. However, a re-calibration of 

the target position at the subsequent EoE is observed (with a jump in the position error) at time t 

= 15 s. This re-calibration at the EoE eliminates the accumulation of the position error for the 

following cycle.  

The mean position errors for each patient are shown in table 4.2, and the distributions of these 

errors are shown in figure 4.6. It is observed that the INI method yields the smallest position 

errors compared to the SEQ and PERD methods. For SEQ method, the largest mean and spread 



112 

 

of position errors is from patient 7.  Patient 7 has the lowest dominant frequency and lowest 

maximum acceleration. For the PERD approach, tumor motions with higher dominant frequency 

(patients 2 and 3) are observed to have larger errors (figure 4.6).  

The mean and standard deviation of the position errors obtained from the seven patients were 

used to determine the accuracies of each method. The precision of each method was estimated 

using the central 68
th

 percentile of each distribution shown in figure 4.7. Table 4.3 provides the 

accuracy, precision and mean absolute error of each method. The INI method outperformed the 

other two methods with the smallest mean absolute error (0.16 mm) and the smallest spread of 

error (0.32 mm). This performance is followed by the SEQ and PERD methods. 

 

(a) Patient 1 
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(b) Patient 2 

(c) Patient 3 
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(d) Patient 4 

(e) Patient 5 
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Figure 4.5 : The inter-frame displacement, position, displacement error and position error 

profiles of patients 1 through 7 ((a)-(g)) estimated using (i) initial image as a fixed reference 

image (INI), (ii) with a sequential (SEQ) and (iii) a periodic (PERD) update of reference image. 

 

(f) Patient 6 

(g) Patient 7 
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Table 4.2 : Mean position errors ± the central 68% of the error distribution for three 

different implementations of the weighted optical flow algorithm with patients 1 

through 7. 

 Mean position errors (mm) 

 INI Method SEQ Method PERD Method 

Patient 1 -0.01 ± 0.08 0.25 ± 0.37 0.00 ± 0.43 

Patient 2 0.01 ± 0.10 0.16 ± 0.25 -0.48 ± 0.31 

Patient 3 -0.05 ± 0.22 0.07 ± 0.35 -0.27 ± 0.37 

Patient 4 -0.09 ± 0.34 -0.26 ± 0.33 -0.16 ± 0.54 

Patient 5 -0.16 ± 0.20 -0.01 ± 0.36 -0.18 ± 0.43 

Patient 6 -0.03 ± 0.11 -0.30 ± 0.31 0.09 ± 0.39 

Patient 7 0.01 ± 0.20 0.39 ± 0.38 0.10 ± 0.34 

 

Figure 4.6 : Position errors of the seven patients obtained using three different implementations 

of the weighted optical flow algorithm.  
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Figure 4.7 : The distribution of the position errors for each method 

 

Table 4.3 : The overall performance of three tracking methods quantified by the accuracy (mean 

position error ± 1 standard deviation of all patients), precision (the width of the central 68% of 

the distributions shown in figure 4.7) and the mean absolute position error. 

                                                 INI                              SEQ                      PERD 

Mean ± 1 Std. 

(mm) 
-0.06 ± 0.21 0.04 ± 0.41 -0.14 ± 0.45 

Distribution Width  

(mm) 
0.32 0.68 0.79 

Mean Abs. Error 

(mm) 
0.16 0.32 0.38 
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4.4 Discussion 

4.4.1 Analysis of results 

From the patient cohort, there are two distinct groupings based on the dominant frequency 

component. While patients 1-3 have a higher dominant frequency than patients 4-7 this does not 

appear to affect the tracking results. Instead, it is observed that the position errors were due either 

to (1) an error in the inter-frame displacement or (2) the accumulation of small inter-frame 

displacement errors in the same direction. These errors could be present in all the three methods 

of image registration. Since the PERD method uses periodic calibration at EoEs, it is the most 

susceptible to type (1) error. In particular, the spurious detection of EoEs cause image 

registration and position calibration to be performed in between the actual EoEs (highlighted in 

section 3). As a result, the aim of calibrating the position while the velocity is at its minimal 

within a breathing cycle was not achieved. Hence, in addition to the errors incurred using 

sequential image tracking in between EoEs, errors were incurred due to the spurious detection of 

EoEs when using the PERD method. The combination of errors due to sequential and periodic 

reference image registration resulted in the PERD method having the largest position error. 

Errors are a combination of systematic uncertainties and random effects. The systematic 

uncertainties are in turn a complex function of the position, velocity and acceleration of the 

object being tracked. In some cases, errors appear to be correlated with the position. In previous 

work, it has been shown that it is a complex relationship with smaller displacement resulting in 

larger fractional errors in position [18]. In other cases, errors are seen to accumulate in one or the 

other directions, primarily in the positive direction due to the under-estimation of the 

displacement in the negative direction. The integration of the random displacement errors can 

also result in accumulation of positional errors. In previous work, it was shown that as the 
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number of breathing cycle increases, the accumulation of random errors was reduced. Position 

drift resulting from the accumulation of tracking errors is a known issue in medical imaging 

modalities [21-22],
 

as well in other non-medical imaging applications [24-25]. Further 

investigations are required. 

Some of the common causes of the isolated inter-frame displacement error are (1) motions that 

are smaller than the image resolution [21,37] and (2) the underestimation of large displacements 

that are beyond the parameters of the tracking algorithm. In the current work, the three-layer 

optical flow algorithm is capable of tracking motions with magnitudes similar to those observed 

from the seven patients. As a result, the inter-frame displacement error is likely due to motions 

that are smaller than the image resolution rather than the under-estimation of the large 

displacements. This could potentially be mitigated by integrating motion from multiple image 

frames, an approach that has also shown success in reducing position drift [38]. However, the 

optimal number of image frames required for the integration requires further studies. 

4.4.2 Limitations in the estimation of the EoEs 

For the PERD method, additional errors were incurred when determining and updating the 

reference periodically (as described in Section 4.4.1). The current implementation uses the 

change of slope in the position and the inter-frame displacement to determine the EoE of each 

cycle. This implementation requires a moving window to monitor the change in slope and to 

minimize the impact of noise. Although a larger moving window could be used to filter out the 

noise, the detection and adjustment of the reference position at EoE would be delayed, 

potentially reducing treatment accuracy.  In the current implementation, a moving window of 

four data points was used, and the EoE would be detected when the slope of the velocity and 
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acceleration derived from the first two images are different from the next two data points. This 

implementation implies that any update of the new reference image will only happen two frames 

after EoE. This update could potentially introduce errors when the adjustment occurs at higher 

velocities [39] causing abrupt changes in the inter-frame displacement as observed in our results 

(as described in section 4.3). Since a prediction algorithm would be employed in practice to 

compensate for system latency, this prediction could be used to predict the EoE in each breathing 

cycle. The position errors for the PERD method could be reduced by calibrating the reference 

position at the predicted EoE positions, eliminating the two frame delay.  

4.4.3 Image quality of the reference image and its impact 

In tracking the micro-scale motion of insect body parts with a high-speed digital imaging system 

(i.e. 10,000 frames/s), it has been shown that a good quality reference image is essential if the 

tracking drift is to be minimized [25]. Our previous study has demonstrated that the tracking 

accuracy of the optical flow is affected by the contrast-to-noise ratio of the image. To reduce the 

blurring of the target, the reference image should ideally be selected when there is little motion 

in the MV images. Therefore, in our PERD implementation, the reference images were updated 

at the EoE and for our INI implementation, the initial reference image was selected at the 

beginning of the target motion. It should be noted that the stationary target observed in the initial 

frame is a result of our experimental setup, i.e. acquiring the initial image at the beginning of the 

actuator motion. For clinical applications, the acquired initial frame might not correspond to a 

slow moving target. Thus, further verification of the impact on the INI method would be 

required. The determination of EoE in the PERD implementation was performed autonomously 

and was thus subject to the accuracy of the EoE-finding algorithm. Future improvements could 

include methods to assess the quality of an incoming image before assigning it as a reference. 
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Since the mean intensity of the x-ray image changes with the variation of the volume of the chest 

(with the optimal image quality being obtained at the EoE), Berbeco et al. [40]
 
have shown that it 

can be used as an approach to automatically determine the EoE. Although the use of an initial 

frame as a reference image assumes that the background does not change rapidly, background 

information can be assessed from prior knowledge (e.g. treatment planning data or images 

obtained during patient setup) and could be suppressed if necessary [27, 41]. 
 
In our experiment, 

the INI method avoids using intermediate image frames where the image quality could be 

inferior to the initial frame acquired with the object moving at low velocity. Further verification 

on the fluctuations of the quality of the reference image and its effects on the different methods 

are required.  

4.4.4 Comparison between dynamic vs. static tracking 

The accuracies (mean absolute position errors) of 0.16 mm, 0.32 mm and 0.38 mm with a 

precision of 0.26 mm, 0.50 mm, and 0.60 mm for the INI, SEQ and PERD methods, respectively, 

are within the accuracies (i.e. 0.6 ± 0.2 mm) obtained for static tracking, i.e. without adapting the 

aperture [11, 18]. The difference between the previous work and the current work which uses a 

DMLC system is akin to static versus a dynamic tracking, respectively [26, 27]. In static 

tracking, the aperture, and field of view (FOV) does not move (e.g., tracking using the kV 

images of a LINAC). A large FOV is required to capture the full extent of the target motion. 

Tracking of the target using direct registration with the initial frame would be challenging since 

it is necessary to handle the maximum displacement of the target motion. In dynamic tracking, 

the aperture follows the target and the distance to be tracked between the constantly updated 

FOVs is small compared to static tracking using a fixed FOV. Thus, dynamic tracking with a 

conformal aperture is less likely to encounter challenges associated with tracking large inter-
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frame displacements. In contrast to the large FOV used for static tracking, the small FOV of 

dynamic tracking ensures that the optical flow velocities are mainly due to the motion of the 

target rather than the background. This would explain for the smaller tracking error observed in 

our current work with dynamic tracking compared to previous work on static tracking [11, 18]. 

Unlike static tracking where errors are solely due to image registration, in dynamic tracking, 

errors could incur from image registration and adjustment of the aperture. However, in the 

current work, aperture update was implemented with the virtual DMLC and no mechanical 

aperture adjustment errors were present. 

4.4.5 Comparison with other tracking methods 

Although the accuracy of our current weighted optical flow algorithm is comparable with other 

methods, such as template matching [8-11], our method does not aim to track a contour or 

template since soft tissues, including tumor, do not have a well-defined boundary on MV images. 

The ability to track without a template was achieved by computing the optical flow map to 

capture all motions (i.e. the global motion) within the aperture and giving greater weights to 

vectors near the non-homogeneous motion region, an approach that is similar, but more ‘global’ 

than tracking the boundaries of a moving tumor [13]. Although our method has a similar 

assumption that the tumor is the only target in the aperture [13], tracking of multiple targets is 

feasible with local clusters of optical flow vectors [16,17,19].  The dosimetric benefits of 

tracking the global motion of an uncontoured target outweigh the impact of the errors associated 

with our methods, as verified with other tracking systems having similar magnitudes of error [33, 

42, 43].  
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4.4.6 Future extensions of our work 

Although the current work has shown that using an initial frame as the reference image yields a 

higher tracking accuracy, in this work, a fixed aperture similar to a conformal treatment delivery 

was assumed. For IMRT and VMAT applications where the treatment aperture is optimized to 

meet certain dose constraints, the SEQ approach, which updates the reference image 

sequentially, provides for greater similarity between the two apertures. The similarities allow 

common regions to be established rapidly for the optical flow computation.  Extending our 

experiment to IMRT and VMAT type of treatments will be performed in the future. 

Although data for seven patients with diverse motion characteristics were used in this study, 

further studies using a larger dataset size with various tumor shapes, deformations, trajectories 

with baseline shift, and image quality are required to confirm our preliminary observations. Like 

most studies that use cine mode to acquire EPID images, the memory limitation of a clinical 

LINAC limits the maximum number of high resolution images that can be acquired to about 200 

[44, 45]. With a frame rate of 7.5 frame/s, this amounts to about 27 s of treatment time, which is 

short compared to typical treatment time of around 4 min. Given the possible accumulation of 

position errors, proposed algorithms should be validated over a longer image sequence, a task 

that will be included in our future work. 

Besides the CyberKnife system and three other research prototypes that track tumor motion with 

the treatment beam and adapts treatment delivery [3, 5, 34], the virtual DMLC implemented in 

our study
 
[31] could serve as a rapid verification/simulation for tracking and adaptation of 

treatment beams. In particular, it would be extended to simulate the tracking and adaptation of 
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aperture based on the intrusion of external critical organs into the irradiated field, a validation for 

some of the preliminary results demonstrated by our group [19]. 

4.5. CONCLUSIONS 

Tracking of tumor motion was implemented with a weighted optical flow algorithm using three 

different approaches to update the reference image. Results highlighted the possibility of 

accumulating position errors during the tracking of the target on MV EPID images using patient-

driven tumor trajectories. The INI method which uses the initial irradiated field as a fixed 

reference image is the least prone to accumulation of position errors. The INI method is followed 

by the SEQ method, which sequentially updates the reference image to the image frame prior to 

the incoming image, and the PERD method, which updates the reference image periodically. The 

performance of the algorithms is also reflected in the mean absolute errors of 0.16 mm, 0.32 mm 

and 0.38 mm and precisions of 0.32 mm, 0.68 mm, and 0.79 mm for the INI, SEQ and PERD 

methods, respectively (mean absolute position errors of INI < SEQ < PERD). It should be noted 

that the INI method assumes that the initial reference image was selected at the beginning of the 

target motion. We observed that the position errors are due to either (1) a single error in the 

displacement, or (2) accumulation of small inter-frame displacement errors in a similar direction. 

Adaptation of the aperture to follow the tumor motion was realized with a virtual DMLC system 

and its performance was validated with seven patient tumor motions. With a tracking accuracy 

that is comparable to other tracking methods, the proposed weighted optical flow algorithm 

coupled with the use of the initial image as a fixed reference image can be used to track 

markerless, uncontoured tumors with minimal accumulation of position errors. 
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Chapter 5 Adaptive Treatment Delivery with Real-Time Organ-At-Risk (OAR) 

Intrusion Detection and Avoidance – a Proof-of-Concept Study with Electronic Portal 

Images and an Optical Flow Algorithm 

 

This chapter presents a method to detect motion at the edges of a treatment field using local 

clusters of vectors computed from the optical flow algorithm presented in chapter 3. Part of the 

work was published in the Journal of Physics: Conf. Series, 489, 012040, 2014, 

DOI:10.1088/1742-6596/489/1/012040. The material is also prepared for submission to Medical 

Physics by the author of this dissertation. 

Abstract 

Purpose: The increase of high-dose, low-fraction treatments makes it more important to adapt 

the treatment immediately upon detecting an unplanned intrusion of healthy tissues or organs-at-

risk (OAR) into the treatment field. In this work, a method to detect motion at the edges of a 

treatment field is proposed. This motion could be due to either a moving aperture encroaching on 

an external (outside the planned treatment region) OAR or an external OAR that is moving into 

the irradiated field. The detection of local motion at the field edges is used to adapt the multileaf 

collimator (MLC) to shield the intruding OAR from unnecessary radiation. The hypothesis that 

motion can be reliably detected, and the MLC leaves could be adapted accordingly was tested. A 

simulation framework using an adaptive virtual MLC, coupled with patient tumor motion was 

created. This work, which focuses on the local motion detection and adaptation at the edges of 

the treatment field, is an extension of previous studies into tracking the motion of a tumor target. 
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Methods: This proof-of-concept implementation includes (1) an algorithm that detects and tracks 

the motion at the edges of a treatment field and (2) a control algorithm that adapts the virtual 

MLC based on the motion detected. An optimal cluster size of local vectors that resulted in the 

smallest tracking error at the edges was determined by a parameter sweep. The algorithm was 

evaluated with a phantom programmed to move in a sinusoidal fashion and with tumor motion 

data of five lung cancer patients. The motions were recorded with an electronic portal imaging 

device (EPID). To simulate an external object intruding into the treatment field, a duplicate of 

the image sequence was flipped and concatenated to the original image sequence so that the 

intruding object would travel at the same velocity but in opposite directions to the target. The 

adaptation of the MLC was simulated by moving the edge of the image frame. 

Results: In tracking a structure moving with an asymmetric cosine function having velocities of 0 

to 10 mm/s and an intrusion depth of 10 mm, an optimal cluster size of 9-by-9 vectors was found 

to provide the smallest average absolute position error of 0.3 mm. A strong linear correlation 

between the adapted MLC leaves and the actual OAR position was observed with a slope of 0.98 

and an offset of -0.4 mm. In evaluating the algorithm with patient data, a mean position tracking 

error of -0.4 ± 0.3 mm and a precision of 1.1 mm were obtained.   

Conclusions: This proof-of-concept simulation illustrates that it is possible to adapt MLC leaves 

based on the motion detected at the edges of the irradiated field and demonstrates that it would 

be feasible to shield an unplanned intrusion of an external object or OAR into the treatment field. 

The results provide motivation to combine global adaptation of the treatment field (due to the 

motion of the main target) with local adjustments at the edges to avoid unexpected intrusions. 

 



131 

 

5.1 Introduction 

5.1.1 Tumor motion and adaptive radiotherapy 

Tumors and OARs can move with respiration at various anatomical sites. Under these 

circumstances, it can be a challenge to ensure that sufficient radiation dose is delivered to the 

tumor while avoiding damage to the surrounding healthy tissues. Several techniques have been 

proposed to mitigate the impact of respiratory motion. These techniques include respiratory 

gating, margin expansion, and breath control [1]. However, gating and breath control increase 

treatment time, while margin expansion increases the volumn of the surrounding healthy tissues 

being irradiated. Adaptive radiotherapy incorporating real-time tracking with beam adaptation 

has been proposed to improve efficiency and reduce toxicity [2]. In Dynamic Multi-leaf 

Collimator (DMLC) systems, the leaf positions are dynamically modified to follow the motion of 

the target, thereby reducing the size of the treatment field [2-4]. To minimize the effects of errors 

in the correlation between internal and external surrogates, cine mode Electronic Portal Imaging 

Device (EPID) images have been used to track motion during beam delivery without additional 

radiation to the patient [4-5]. Various marker-less techniques have also been proposed for real-

time tracking of targets with EPID images [5-8]. However, most of these tracking methods 

require either prior knowledge of the target or segmentation of the target, such that the delineated 

contours on the initial image can be used for tracking on subsequent images. These methods 

often assume negligible target deformations. To ensure sufficient radiation is delivered to the 

tumor, these methods emphasize tracking the motion of the tumor. 
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5.1.2 Healthy tissue and OAR monitoring 

In radiation therapy, the emphasis has been placed on tracking the main clinical target within the 

irradiated field. However, it has been shown that discrepancies in the dose distribution of the 

target and normal tissues can arise if the delivery of intensity modulated radiation therapy 

(IMRT) disregards the motion of surrounding tissue [9,10]. The planning organ at risk volume 

(PRV) has been introduced to account for the uncertainty associated with the OAR motion. 

However, limitations exist [11]. Although the dose limits to the OAR are taken into 

consideration during treatment planning, this assumes that the setup of the patient is accurate, 

and patient breathing and tumor/OAR motion during treatment are identical to the pattern 

delineated during planning. Failure mode and effect analysis (FMEA) has revealed that 

contouring the OAR, with reported inter-observer deviations of up to 2.9 cm and 7.6 cm for the 

esophagus and heart respectively [12,13] could be a potential source of systematic error with a 

high risk of frequent occurrence [14,16]. Challenges in contouring the OAR as well as the use of 

wrong OAR contours have been reported [13,16]. The differences between the planning and 

treatment delivery could alter the proximity between the OAR and the high dose region of the 

treatment field. The error in estimating the OAR position is of particular concern in Stereotactic 

Body Radiation Therapy (SBRT) due to the steep dose gradient, reduced margin, low-fraction, 

high dose treatment and intra-treatment patient motion due to the longer treatment duration 

[17,18].  “No-fly zones” [18] have been proposed for central tumors abutting the proximal 

bronchial tree, and functional avoidance radiotherapy has been proposed to avoid the functional 

portion of the lung [19]. The efficacies of these regimes are dependent on the ability to monitor 

both the target and the surrounding healthy tissues during treatment delivery.  In addition, the 

ability to adapt the treatment upon detecting an unplanned intrusion of healthy tissues into the 
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irradiated field is becoming more important. With a combination of adaptive beam movement 

and systematic deviation of the target motion pattern, similar concerns of unintentionally 

overdosing the OAR have been cited for the CyberKnife system [20].  

For most cases, it has been shown that a lung tumor is expected to move similarly to the 

surrounding OARs since these tumors are embedded in the lung tissue and are forced to follow 

the lung motion [21]. However, with a chest wall-seated tumor in the lung, the lung tumor and 

the OAR, such as the ribs, can have different motion magnitudes relative to each other [22]. 

During the irradiation of the mammary tissues of breast cancer patients, the ipsilateral lung and 

heart are also often exposed to non-negligible dose [23]. For patients with cancer in the left 

breast, it has been shown that the left anterior descending artery (LAD) can have larger intra-

fractional motion than the heart and left ventricle (LV). The errors in the irradiated volume of the 

LAD (as a result of the intra-fractional motion) are larger than the errors in the irradiated volume 

of the heart and LV [23]. These errors are larger than the errors due to the contouring 

uncertainties. Thus, the ability to avoid the LAD during treatment delivery could be crucial in 

reducing radiation-induced cardiac diseases. Although breathing adapted radiotherapy and deep 

inspiration breath hold techniques have been shown to reduce cardiac exposure, some patients 

were unable to comply with the requirements [23]. Setup errors and daily variations in organ 

motion, make it more difficult to consistently maintain the OAR outside of the radiation field 

[25]. Variation in dose distribution may occur as a result of the surrounding organs moving in 

and out of the field during respiration [26].  

Although studies have been performed to determine the accuracy of MLC leaf-pair control for a 

moving target on EPID images [27], detection, and tracking of motion close to the leaf edges has 

to the knowledge of the authors, never been examined before. The lack of previous studies may 
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be due to the difficulty in identifying the OARs that could potentially intrude into the treatment 

beam. As a result, current tracking methods based on apriori information such as contour or 

template matching [5,6] of the target might not find an exact match for an unplanned, partially 

intruding OAR. 

5.1.3 Global and local motion tracking with optical flow 

The optical flow process can be perceived as a pre-processor to tracking whereby a motion 

vector is initially derived for each pixel. In conventional optical flow tracking, some form of 

segmentation is required to associate individual vectors with the objects spatially and temporally. 

In real-time applications, manual delineation to associate them with the corresponding targets is 

impossible and autonomous ways to associate the vectors with the moving objects are required. 

The Scale Invariant Feature Transform (SIFT) flow uses a group of SIFT local features to 

associate the object with the flow vectors [28], while the Histograms of Gradients (HoG)
 

approach uses distribution profiles of the local vectors to track the object in an image sequence 

[28]. However, learning algorithms are often needed to train and recognize these local features 

on subsequent images. An average-weighted multi-resolution optical flow algorithm with a 9-by-

9 pixel regularization has been previously used to automatically track the global motion of a 

tumor target with an accuracy of 0.4 ± 0.2 mm [30, 31]. A preliminary attempt to detect local 

motion at the edges of a treatment field was performed by partitioning the edges of the treatment 

field into horizontal and vertical grids, creating clusters of 9-by-9 optical flow vectors [31].  The 

average value of the clustered vectors provides the detection of motion at the edges of the field. 

The 9-pixel width corresponds to the width of a 2.5 mm MLC when projected to the EPID at 140 

cm from the source.  
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Recent studies have used EPID images for dosimetric evaluation (and detecting incidents in 

radiotherapy [19, 32-33]. This paper extends our work on optical flow tracking of a tumor to 

investigate the feasibility of using local optical flow analysis to track unplanned intrusions / 

motion at the edges of a treatment field [30-31]. A virtual DMLC system was used to study the 

feasibility of adapting the MLC to take the detected motion into account. This motion, which is 

assumed to be caused by the OARs (intended to remain outside the treatment field), could be due 

to either (a) an external OAR moving into a static treatment field (figure 5.1(a), or (b)) an 

adaptive aperture encroaching onto a stationary object (figure 5.1(b)). As a proof-of-concept, an 

external OAR moving into a static field (figure 5.1(a)) will be used to demonstrate the feasibility 

of the proposed method. Detection and potential adaptation to shield the intruding OAR (figure 

5.2) are assumed to be based on rectifying the geometric abnormalities detected at the edges. The 

accuracy of this control algorithm was tested using simulated object intrusions with sinusoidal as 

well as patient tumor motion patterns.  Techniques to prevent losing track of the intruding object 

were incorporated to cater for a change in the direction of intrusion as well as a change in the 

velocity when compared to the anticipated motion derived from the previous pair of image 

frames. Our previous work demonstrating the ability to track the tumor motion has been reported 

already and hence is beyond the scope of this paper [30]. The current work focuses on whether it 

is feasible to use optical flow techniques to make minor adjustments to the treatment field based 

on detected motion at the edges of the field. The concept of detecting an object as it enters or 

leaves the field of view is similar to a pan-zoom-tilt (PZT) camera system [35-36], and an 

obstacle detection system for autonomous vehicle [37-38]. The proposed technique in this study 

aims to supplement existing DMLC tracking systems which track the main target, by tracking 

motion at the field edges to detect unplanned OAR intrusions. Tracking motion, and adapting the 

field as the OAR enters into the treatment field, shields the OAR. By adapting the aperture as the 
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OAR subsequently leaves the treatment field, ensures that deviations from the treatment plan are 

minimized. 

 

Figure 5.1 : Examples of potential unplanned OAR intrusion into the irradiated field (IRF) for 

(a) conformal (non-adaptive) and (b) dynamic conformal MLC treatment settings. For (a), the 

external moving object/OAR intrudes into a static field periodically, and for (b) a stationary 

OAR intrudes into the irradiated field that is following the motion of a tumor. 
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Figure 5.2 : Possible intra-fraction adaptations of treatment field based on the intrusions of OAR 

detected at the edges of the irradiated field (IRF) for (a) conformal (non-adaptive) and (b) 

dynamic MLC treatment settings as shown in figure 5.1 

 

5.2 Methods and Materials 

5.2.1 Overall process of motion detection and MLC leaves adaption 

The flowchart of the proposed intra-fractional adaptation of the MLC leaves based on the motion 

detected and tracked at the edges of a treatment field is shown in figure 5.3. The major tasks of 

this OAR intrusion–avoidance system are: (1) estimation of motion using optical flow 

computation between two images [30]; (2) formation of local clusters of vectors at the edges of 
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the optical flow map [31];  (3) analysis of each cluster adjacent to an MLC leaf; (4) updating the 

position of the intruding object/OAR observed at the edge of each MLC leaf; (5) predicting the 

position of the intruding object/OAR in the next frame based on the motion observed in the 

previous pair of image frames; (6) determine the buffers (i.e. the difference between the position 

of the intruding OAR and the MLC placement) needed and (7) adapting the MLC leaves for the 

next image frame. The details of these steps are described in the following sections, and an 

example of the treatment situation considered in our study is shown in figure 5.4. 

5.2.2 Algorithm for motion estimation  

The optical flow algorithm was applied to consecutive image frames to detect and track motions 

within the treatment aperture. A neighborhood (i.e. window) surrounding a pixel was used to 

obtain the solution for the optical flow constraint equation using the local least squares method 

proposed by Lucas-Kanade et al. [39]. Since a uniform window size was applied to all the pixels 

in the entire image, the pixels at the edges of an image frame did not have a symmetrical 

neighborhood of pixels to support the computation, and the optical flow could not be computed 

in these regions.  In our previous work [30], a 3-layer multi-resolution optical flow algorithm 

with 9-by-9 pixel regularization was used, and it resulted in 4 rows of pixels at the edges of the 

images where no optical flow vectors could be computed. In this work, a similar optical flow 

algorithm was used but with a 3-by-3 pixel regularization which reduced the number of rows of 

pixels without optical flow vectors to one. The regularization scheme and its impact on the edge 

intrusion tracking accuracy were evaluated. 
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Figure. 5.3. :  Flowchart of the main process of adapting the MLC leaves according to the local 

optical flow (OpFlow) vectors detected at the edges of an irradiated field (IRF). 
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Figure 5.4 : An example of the scenario considered for our proof-of-concept study in adapting 

the MLC leaves based on the intrusions of an OAR detected at the edge of a treatment field 

(IRF). Steps involve in adapting the treatment field to shield the OAR include: (1) calculating the 

OAR position with local analysis of motion vectors at the edges, (2) using this motion to predict 

the position of the OAR in the next image frame, and (3) repositioning the MLC to follow the 

predicted OAR position, including a buffer space. 
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region S bounded by the previous position of the MLC leaves instead of its newly expanded 

position. The details of the mathematical analysis are included in the supplementary materials. 

5.2.3.1 Local optical flow analysis 

In analyzing the local motions near the edges of the treatment field shown in figure 5.5(a), the 

optical flow map derived from tracking motion between two consecutive images was partitioned 

with vertical and horizontal grids near the edges, creating clusters of optical flow vectors. The 

number of columns of pixels (and corresponding vectors) in a cluster was determined from the 

width of an MLC leaf projected onto the EPID level. The EPID was placed at 140 cm from the 

source, resulting in a projected width of 3.5 mm for a 2.5 mm MLC leaf. With an EPID 

resolution of 0.391mm/pixel, a 9-pixel wide column corresponding to the width of the MLC leaf 

was used for each l cluster (figure 5.5). By varying the number of rows of pixels (and 

corresponding vectors) within a cluster, different motion estimates were obtained by taking the 

mean and standard deviation of the vectors bounded by the vertical and horizontal grids. The 

optimal number of rows of vectors was determined by comparing the estimated position with a 

known motion profile of the intruding OAR. 

5.2.4 Algorithm for the adaptation of MLC based on intrusion of OAR 

5.2.4.1 Tracking an intruding OAR 

Assume that the initial treatment field planned without motion adaption is bounded by an initial 

MLC position MLCpos(ref) at one of the field edges. Any objects outside of the planned 

treatment field are assumed to be potential organs-at-risk (OARs). The intrusion of OARs into 

the treatment field, as observed in subsequent EPID images, would generate a set of positive 
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optical flow vectors pointing inwardly towards the center of the treatment field (figure 5.5(a)). 

The irradiated field that observes the initial intrusion of the OAR would have its image frame 

number and MLC position indexed as k = 1 and MLCpos(ref) respectively. Further intrusion 

would result in the accumulation of the inter-frame displacements obtained from the mean local 

optical flow values 𝑂𝐹𝐿̂(𝑘)  (pixels) between image frame k and k +1, where k is the image frame 

counter when the OAR is present within the irradiated field (figure 5.5). The OAR position 

𝑂𝐴𝑅𝐼𝑛_𝐵𝐸𝑉  can be expressed as: 

𝑂𝐴𝑅𝐼𝑛_𝐵𝐸𝑉(𝑘) = {
      0                                                𝑘 = 1

𝑂𝐴𝑅𝐼𝑛_𝐵𝐸𝑉  (𝑘 − 1) + 𝑂𝐹𝐿̂(𝑘)           𝑘 > 1                   
 

(5.1a) 

(5.1b) 

where 𝑂𝐹𝐿̂(𝑘) and 𝑂𝐴𝑅𝐼𝑛_𝐵𝐸𝑉(𝑘)  are defined as positive from the field edge in the direction 

pointing into the field. 

As with any tracking method, position errors can accumulate. To minimize these errors, the 

position of the OAR was re-initialized for every image frame where the accumulated OAR 

position 𝑂𝐴𝑅𝐼𝑛_𝐵𝐸𝑉(𝑘) or MLC leaf position 𝑀𝐿𝐶𝑝𝑜𝑠(𝑘) was beyond the initial reference MLC 

leaf position MLCpos(ref). 

 

 



143 

 

 

 

Figure 5.5 : Schematic diagram showing adaptation of MLC to shield the intruding object/OAR 

with (a) computation and detection of motion 𝑶𝑭𝑳̂(𝒌) at the edges of an irradiated field and 

moving the MLC leaves from (b) MLCposA(k) in image(k) to (c) MLCposA(k+1) in image(k+1) 

with a displacement ∆𝑴𝑳𝑪(𝒌). The MLC leaves are represented by a straight edge. Grids (green 

color) at the edges of the field correspond to the local motion sampling region for each MLC 

leaf. 

 

5.2.4.2 One-frame prediction of OAR position and the placement of MLC 

An idealized virtual DMLC system was assumed whereby the MLC leaves would adapt based on 

motion detected at the edges of the BEV. Delays due to image acquisition and motion 
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assumes that the motion of the intruding OAR does not change drastically so that the target can 

always be tracked. The predicted position of the intruding OAR was given by: 
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𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑂𝐴𝑅𝐼𝑛_𝐵𝐸𝑉(𝑘 + 1) =  𝑂𝐴𝑅𝐼𝑛_𝐵𝐸𝑉(𝑘)  ±  𝑂𝐹𝐿̂(𝑘)      𝑘 > 1 (5.1) 

where k, 𝑂𝐹𝐿̂(𝑘) and 𝑂𝐴𝑅𝐼𝑛_𝐵𝐸𝑉(𝑘)  are defined in equation (1). However, unlike tracking of the 

main target that is predominantly present in the irradiated field, intrusions at the edges have a 

relatively small mass to track over a short period of time. Instead of moving the MLCs to the 

predicted position of the OAR, spatial buffers were added to increase the area of OAR observed 

in the EPID image and therefore prevent losing track of the OAR (buffers illustrated in figure 

5.4). Although a large buffer would ensure that the OAR can be tracked at all times, this would 

expose a larger portion of the OAR to unnecessary radiation. Hence, the size of the buffer is a 

trade-off between tracking the OAR versus exposing the OAR to unnecessary radiation. The 

design of the buffer takes into consideration (1) the OAR intruding slower than predicted (2) the 

OAR changing direction or (3) the OAR leaving the irradiated field faster than the predicted. The 

likelihood of losing track the OAR is highest during these three scenarios. The buffer for these 

three displacement regions, namely, the region with (1) positive displacements (𝑂𝐹𝐿̂(𝑘) >

𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑) ; (2) near zero displacements ( | 𝑂𝐹𝐿̂(𝑘)| < 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑); and (3) negative 

displacements (𝑂𝐹𝐿̂(𝑘) < −𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑) were calculated as follows: 

𝑏𝑢𝑓𝑓𝑒𝑟(𝑘 + 1) = {

                   1,                                    𝑂𝐹𝐿̂(𝑘) >  𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑

−𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 + 1,                      | 𝑂𝐹𝐿̂(𝑘)| < 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑

−𝑙𝑜𝑜𝑘𝐴ℎ𝑒𝑎𝑑 𝑏𝑢𝑓𝑓𝑒𝑟 + 1, 𝑂𝐹𝐿̂(𝑘) < −𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑

 

(5.2a) 

(5.3b) 

(5.3c) 

where the lookAhead buffer = 2 pixels and the background = 1/2 pixel (at EPID level), which is 

equivalent to 0.14 mm at the isocenter. The background was determined from the average value 

of the vectors obtained from two image frames where no motion was present. Both 𝑂𝐹𝐿̂(𝑘) and 

𝑙𝑜𝑜𝑘𝐴ℎ𝑒𝑎𝑑 𝑏𝑢𝑓𝑓𝑒𝑟 are defined as positive in the direction pointing inwards to the irradiated 
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field from the respective field edges. Hence, the -background and -lookAhead buffer would 

expand the MLC leaves outward from the center of the treatment field. In addition to the buffers, 

one pixel was added to all three regions of displacement to compensate for the one row of 

missing motion vectors due to the non-symmetrical neighborhood encountered with a 3-by-3 

pixel regularization at the edges of the optical flow map. This would leave the ‘adaptive 

component’ of the buffer, associated with the three displacement categories, at between 0 and 2 

pixels. When the motion computed is larger than the background (i.e. OAR intruding towards the 

center of the irradiated field), the MLC was positioned with a buffer, defined by equation (5.2a), 

away from the center of the predicted OAR position. For the case when the local optical flow 

𝑂𝐹𝐿̂(𝑘)  has a magnitude smaller than the background, the leaves will be positioned with a buffer 

defined by Eq. (5.2b) away from the predicted OAR position to anticipate for a possible change 

in direction of the intruding OAR. The background was used as a threshold to identify motion 

uncertainty. As the OAR moves away from the center of the irradiated field towards the field 

edge, a lookAhead buffer was added to the predicted position of the OAR (equation 5.3(c)), in 

order to avoid losing track of the OAR.  This buffer allows the MLC to move faster than the 

predicted MLC motion. Although a consistent buffer following the one used for negative 

displacement (three pixels) can be utilized throughout for all the regions, smaller buffers used in 

the other displacement categories were found to reduce exposure to the OAR while maintaining 

continual tracking. The MLC leaves (see figure 5.2) are defined in the following manner: 

𝑀𝐿𝐶𝑝𝑜𝑠𝐴(𝑘)  >  𝑀𝐿𝐶𝑝𝑜𝑠𝐵(𝑘) (5.3) 

 and the MLC leaves were positioned according to: 

𝑀𝐿𝐶𝑝𝑜𝑠𝐴(𝑘 + 1) =  𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑂𝐴𝑅𝐼𝑛_𝐵𝐸𝑉(𝑘 + 1)  − 𝑏𝑢𝑓𝑓𝑒𝑟(𝑘 + 1) (5.5a) 
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𝑀𝐿𝐶𝑝𝑜𝑠𝐵( 𝑘 + 1) =  𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑂𝐴𝑅𝐼𝑛_𝐵𝐸𝑉(𝑘 + 1)  + 𝑏𝑢𝑓𝑓𝑒𝑟(𝑘 + 1) (5.5b)  

where 𝑀𝐿𝐶𝑝𝑜𝑠𝐴,𝐵(𝑘) adheres to the standard geometrical definition given by [40]. 

To prevent the MLC from tracking an OAR past the planned MLC position (i.e. when the OAR 

is leaving the field), a limit which prevented tracking beyond the initial reference position was 

imposed. When the calculated positions of the leaves are beyond their initial reference position 

(MLCpos(ref) in image k = 1), the MLC positions at the respective edges (Edges A and B, refer 

to figure 5.5 (a)) will be reset to their original positions, i.e.  

𝑀𝐿𝐶𝑝𝑜𝑠𝐴,𝐵(𝑘) =  𝑀𝐿𝐶𝑝𝑜𝑠𝐴,𝐵(𝑟𝑒𝑓) (5.6) 

5.2.5 Simulation and measurement setup 

5.2.5.1 Determine optimal vector cluster size with sinusoidal motion tracking 

In the experimental setup, CT images from the lung tumor of Patient #64 of the Lung Image 

Database Consortium [41] were used to create a 3D tumor (figure 5.6 (a)). The 3D printed tumor, 

fabricated with Acrylonitrile Butadiene Styrene (ABS) material, has a mass of 8.1 ± 0.1 g, a 

diameter ranging from 25.5 ± 0.5 mm to 28.5± 0.5 mm and a volume of 9.2 cm
3
 (using an 

average radius of 13 mm). The 3D printed tumor (figure 5.6 (c)) was attached to the linear 

actuator of a Radiology Support Devices RS-1500 Breathing Phantom and placed at a distance of 

100 cm from the source. It was programmed to move with an asymmetrical cosine function 

having a maximum displacement of 10 mm in the superior-inferior (SI) direction and a 

maximum velocity of 10 mm/s as previously described [30, 31]. The National Instrument 

LabView software package and USB-6009 Data Acquisition Suite were used to control the 

motion characteristics of the linear actuator. A second LabView interface was used to measure 
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the resistance of the attached potentiometer (figure 5.6) which was linearly proportional to the 

extension of the actuator arm. The target was irradiated using a Varian 2100iX Clinac, 6 MV 

beam at a dose rate of 600 MU/min with a field size of 9.1 cm by 8.2 cm (i.e. at the isocenter).  

The field size corresponds to an irradiated area of 12.7 cm by 11.5 cm at the EPID (140 cm from 

the source). About 200 sequential EPID images, each with an image resolution of 

0.391mm/pixel, were acquired at a frame rate of 7.5 frames/s. The motion detected with the 

optical flow algorithm, i.e. 𝑂𝐹𝐿̂(𝑘), was converted from pixels/frame to mm for comparison with 

the position recorded by the potentiometer. Optical flow algorithms with a regularization of 3-

by-3 pixels and 9-by-9 pixels were used to compute the motion vectors. A parametric study to 

determine the optimal cluster size of local vectors was performed at the edges of the field. 

 

Figure 5.6 : (a) Coronal view of the volumetric CT data set of Patient 64 from the LIDC-IDRI 

database; (b) corresponding tumor volume for 3D printing, and c) setup for MV beam irradiation. 

5.2.5.2 Simulation of the intrusion of an OAR into an irradiated field 

Since the lung phantom only supported moving the tumor target, OAR motion intruding into the 

treatment field was simulated using image processing techniques. These techniques will be 

described in this section (figure 5.7). For the case of the asymmetrical cosine motion, a smaller 

window of 7.4 cm by 5.5 cm (about 265 pixels by 197 pixels with EPID @140 cm from source) 

Patient 64 (a) (b) (c) 

Potentiometer  

Actuator  

3D printed 
tumor 

Cube phantom target 
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encompassing the motion of the target was cropped from the radiated region to approximate the 

field size of a conformal field treatment. A duplicate of this cropped image sequence was flipped 

and concatenated to the original such that the two targets traveled in the opposite direction with 

the same velocity (figure 5.7). A new irradiated field was created that included the concatenated 

image in such a way that the duplicated target would intrude periodically into the field 

synchronously with the original target motion. In this way, the accuracy of tracking the intrusion 

was estimated by comparing the computed motion at the beam edges with the motion of the 

tumor measured by the potentiometer. 

In this study, a rectangular field was assumed. This rectangular field was bound by virtual MLC 

leaves aligned in parallel to the direction of the main target motion. The image width of 197 

pixels (with EPID @140 cm from source) was bound by 22 MLC leaves each having a width of 

2.5 mm (i.e. 9 pixels). In our previous study [31], a cube phantom was used for both the target 

and the intruding object. Since the intruding object had a straight edge, the motion detected at the 

edge of each of these MLC leaves was expected to be similar. Thus, motion analysis was 

performed at the edge of only one of the MLC leaves (i.e. the center leaf along the field edge), 

and this representative motion was used to adapt the entire field edge consisting of all the 

individual MLC leaves (figure 5.5). Future implementation beyond this proof-of-concept study 

will have the individual leaves conformed around the 3D patient tumor, and subsequent local 

adaptations will be performed using individual leaves.  
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Figure 5.7 : Simulation of an OAR intruding at the edges of the irradiated fields. 

With a fixed column width of 9 pixels to emulate an actual 2.5 mm MLC leaf width, the number 

of rows of pixels between horizontal grids was varied to determine the optimal cluster size of 

vectors for tracking intrusion at the edges. By averaging the differences between the computed 

and potentiometer results across the entire motion trajectory (intrusion and retraction), mean 

tracking errors for each cluster size were obtained. 

The adaptation of the virtual MLC leaves and hence the changes in the field edges were 

simulated by updating the cropped region of the image matrix. However, since the optical flow 

vector provides sub-pixel motion detection, the edges of the cropped region might not 

h” h” 

h' 

simulated 
treatment field 

h’ 

Concatenated EPID image pair 

Concatenated EPID images with simulated irradiated fields showing OAR intrusion  
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necessarily align to a pixel. This limitation in our simulation was overcome by expanding the 

cropped image region to the nearest pixel away from the field center. 

5.2.5.3 Evaluation of the robustness of the algorithm with patient data 

The 3D printed tumor (figure 6(c)), attached to the linear actuator, was programmed to move 

according to five patients’ tumor motions obtained from the CyberKnife Synchrony (CKS) 

dataset [42]. About 200 EPID images were acquired for each patient’s trace. Duplicated sets of 

the image were rotated and concatenated with the original sequence to simulate the intrusion of a 

circular structure into the irradiated field. A similar window width of 5.5 cm and a length 

encompassing the respective tumor motion of each patient trace was cropped from each image to 

simulate the radiation field size. 

5.3 Results 

5.3.1 Optimal cluster size of vectors for intrusion detection with MLC adaptation 

Figure 5.8 depicts the mean position errors with one standard deviation obtained with different 

cluster sizes (i.e. different number of rows in the cluster region) for computing optical flow 

vectors at the field edge. Since the possibility of losing track of an intruding OAR is large when 

the intruding OAR changes its direction (i.e. at maximum intrusion), the errors at this location 

(maximum intrusion) were plotted to evaluate the robustness of the buffer size chosen. The 

intruding OAR was moving according to an asymmetrical cosine function. Figure 5.8 (a) and 

figure 5.8 (b) depicts the results obtained with 3-by-3 and 9-by-9 regularization in the optical 

flow computation respectively. The position errors obtained with 3-by-3 regularization remain 

relatively stable for a range of row cluster sizes (from seven to thirteen rows) as compared to the 



151 

 

results using a 9-by-9 regularization (figure 5.8 (b)). Smaller errors were obtained using the 3-

by-3 regularization due to fewer missing rows of vectors at the edge of the optical flow map. 

From figure 5.8 (a), a minimal mean position error of 0.0 ± 0.4 mm was obtained for a cluster 

size of nine rows of pixels. Hence, cluster sizes of nine rows of vectors together with an optical 

flow regularization of 3-by-3 pixels were used to optimize local motion analysis. 

5.3.2 Tracking accuracies for a simulated OAR moving with an asymmetrical cosine 

function representing average tumor motion 

Figure 5.9 (a) plots the actual (obtained from the potentiometer) and computed inter-frame 

displacements (i.e. velocities) of the intruding OAR moving in an asymmetrical cosine pattern. 

Results were obtained using an optical flow algorithm with a 3-by-3 pixels regularization and a 

local cluster of 10 rows by 9 columns of vectors. Integrating the displacements over time 

provides the actual and computed positions of the intruding OAR shown in figure 5.9 (b). The 

updating of the MLC leaf positions was assumed to be instantaneous, and the MLC positions 

(averaged over five positions samples) are plotted in figure 5.9 (b) for comparison. These 

positions are plotted with zero magnitude representing the initial reference MLC leaf position 

MLCpos(ref) that detects the first incidence of intrusion into the field.  Figure 5.9 (c) plots the 

differences between the computed OAR position and the MLC position with respect to the actual 

position of the intruding OAR obtained from the potentiometer. From figure 5.9 (b) and figure 

5.9 (c), it is observed that in most cases, the MLC positions are further away from the actual and 

computed OAR positions. The difference in position is expected since a buffer was incorporated 

in the algorithm to prevent losing track of the OAR. Table 1 provides a summary of the 

differences observed in figure 5.9 (c). The computed OAR positions have an average absolute 

difference of about 
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0.3 mm while a larger difference of 0.6 mm, due to the use of a buffer, is observed for the MLC 

position when compared to the actual OAR position measured by the potentiometer. The 

negative, mean errors of -0.1 ± 0.3, -0.1 ± 0.4 and -0.5 ± 0.6 indicate that on average, the 

computed, predicted and MLC leaf positions are trailing behind the actual position (i.e. measured 

by a potentiometer) of the intruding OAR, as measured with respect to MLCpos(ref).  

Figure 5.10 compares the correlation between the computed OAR positions with a) actual 

position (given by the potentiometer) of the intruding OAR (figure 5.10 (a) and (b)) predicted 

OAR position (figure 5.10 (b), and (c)) MLC positions (figure 5.10 (c)). For case (a), the linear 

regression depicts a slope of 1.06 bounded by (1.05, 1.08) 95% prediction interval and a negative 

offset of -0.17 mm bounded by 95% prediction interval of (-0.22, -0.11) mm. For case (b), the 

slope reduces to 1.03 (1.02, 1.05) with an offset of -0.12 (-0.22, - 0.04), and for case (c), a slope 

of 0.98 (0.96, 1.00) with an offset of -0.4 (-0.50, -0.29) depicts the linear regression between the 

MLC leaf positions and the computed OAR positons.  The larger RMSE in figure 5.10 (c) is 

attributed to the buffer added to the predicted motion of the OAR. 

The histogram in Figure 5.11 provides a breakdown of the position errors (computed - actual 

position of OAR) for three different velocity ranges of the computed OAR velocities: a) 

negative, i.e. the intruded OAR retracts away from the center of the irradiated field with 𝑂𝐹𝐿̂(𝑘)  

< -0.1 mm/s; (b) zero, i.e. |𝑂𝐹𝐿̂(𝑘) | < 0.1 mm/s; and (c) positive, i.e. OAR intrudes towards the 

center of the irradiated field with 𝑂𝐹𝐿̂(𝑘)  > 0.1 mm/s. With negative velocities (figure 5.11 (a)), 

the position errors are mostly negative (i.e. the computed position under-estimates the actual 

position). Since position errors are measured with respect to the initial reference position 

MLCpos(ref), negative errors imply that the actual positions of the OAR are further into the 
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irradiated field than its computed positions during retraction. With positive velocities (figure 

5.11 (c)), both negative and positive errors will occur. 

 

 

Figure 5.8 : Mean position errors with one standard deviation obtained with different cluster 

sizes (i.e., numbers of rows from the field edge) for optical flow vector analysis. (a) 3-by-3 and 

(b) 9-by-9 pixel regularization were employed for the optical flow computation. As the OAR 

phantom intrudes with varying inter-frame displacements, the MLC leaves were adapted 

accordingly. Differences (errors) between the computed (tracked) and the actual position of the 

OAR phantom were obtained. By averaging the errors from all the images across the entire 

motion trajectory (intrusion and retraction), mean errors for each cluster size were obtained. 

(a) 

(b) 
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Figure 5.9 : Comparison of the actual (from the potentiometer) and computed (a) inter-frame 

displacements and (b) position of the intruding OAR. The position of the MLC, assuming 

instantaneous adaptation, is included in (b). (c) The plot of the differences between the computed 

OAR and MLC positions with respect to the actual OAR positions. The relationship between the 

approximate onset of negative position difference and the maximum inter-frame displacement in 

each cycle are shown by the vertical dash lines drawn at locations where maximum inter-frame 

displacement is encountered. 
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Table 5.1 : Summary of the distribution of differences (compared to the actual OAR motion) obtained in 

the benchmarking process of tracking intrusion moving according to a mathematical function representing 

average patient tumor motion. 

 

 

  

Differences Mean absolute Mean 
25 

percentile 
Median 

75 

percentile 

Inter-frame displacement 

(computed - actual OAR, 

mm/frame) 

0.2 ± 0.1 0.0 ± 0.2 - 0.1 0.0 0. 15 

Position 

(computed – actual OAR, 

mm) 

0.3 ± 0.2 - 0.1 ± 0.3 - 0.3 - 0.1 0. 2 

Position 

(MLC – actual OAR, mm) 
0.6 ± 0.5 - 0.5 ± 0.6 - 0.9 - 0.5 0.0 
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Figure 5.10 : Linear regression plot showing the correlation between the computed OAR 

positions with a) the actual OAR, b) predicted OAR and c) MLC leaf positions. 
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Figure 5.11 : Histograms of position errors (computed- actual position of OAR) for three 

computed velocity ranges of the OAR: (a) negative i.e. 𝑶𝑭𝑳̂(𝒌) (mm/s) < -0.1 mm/s; (b) zero, 

i.e. |𝑶𝑭𝑳̂(𝒌) | < 0.1 mm/s; and (c) positive, i.e. 𝑶𝑭𝑳̂(𝒌)  > 0.1 mm/s. 

 

5.3.3 Accuracies of tracking an OAR intruding with patient tumor motions  

Since a strong correlation was observed between the computed OAR and MLC positions, 

subsequent analysis was performed only on the tracking accuracy of the OAR. Figure 5.12 plots 

the actual position, computed position, and differences (i.e. error) when tracking an external 
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OAR intruding into the simulated irradiated field following the tumor motions of five lung 

cancer patients. As observed from patients 2, 4 and 5, the error increases when the intrusion is at 

its maximum, i.e. during the transition between intrusion into the irradiated field and retracting 

towards the field edge. Overall, the largest error was observed from Patient 2 whereby in 

addition to the spikes in the tracking error in the 3
rd

 and 7
th

 cycle, consistent position error at the 

end of the retraction phase contributes to drift in the tracking. The distributions of the tracking 

errors for all the patients are compared in the boxplots shown in figure 5.13 and a summary is 

provided in table 5.2. The higher frequency of motion exhibited by patients 1 and 2 resulted in a 

larger average and a wider distribution of position errors compared to the lower frequency 

motion exhibited by patients 3, 4 and 5. An overall tracking accuracy of -0.4 ± 0.3 mm was 

obtained by taking the average and one standard deviation of the position errors of all the patient 

data. By normalizing the offset of all the mean position errors and selecting the central 68
th

 

percentile of the entire error distribution, a precision of 1.1 mm is obtained with the proposed 

method of tracking intrusions. The negative mean position errors observed in all patients 

indicate, on average, the method underestimates the computed positions. 
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Figure 5.12 : Actual and computed (i.e. tracked) trajectory of external object/OAR intruding into 

the BEV following the tumor motions of five lung cancer patients. 
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Figure 5.13 : Boxplot shows the distribution of position errors incurred from tracking a 

simulated OAR intruding into the radiation field following the tumor motions of five lung cancer 

patients. 

 

Table 5.2 : Summary of the position errors (computed-actual) obtained from tracking a curved-

edge structure/OAR intruding the intruding into the radiation field with patient tumor motions. 

Error Statistics (mm) Patient 1 Patient 2 Patient 3 Patient 4 Patient 5 

Mean -0.4 -0.9 -0.2 -0.3 -0.2 

Std. dev. 0.6 0.6 0.3 0.5 0.5 

25
th

 percentile -0.8 -1.2 -0.4 -0.5 -0.5 

Median -0.2 -0.8 -0.2 -0.2 -0.2 

75
th

 percentile 0.1 -0.5 0.0 0.1 0.2 

Max. absolute 1.9 2.9 0.8 1.7 1.3 

 All patients 

Accuracy (mm) -0.4 ± 0.3 

Precision (mm) 1.1 
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5.4 Discussions 

Figure 5.8(a) and figure 5.8(b) show that 3-by-3 pixel regularization resulted in smaller errors 

than 9-by-9 pixel regularization.  The smaller errors were a result of the smaller number of 

missing rows of vectors at the edges of the irradiated field when 3-by-3 pixel regularization was 

used. Although 9-by-9 regularization was previously shown to provide reliable global tracking of 

the main target [30, 31], for local detection and tracking of intrusions at the edges, smaller 

regularization yields greater accuracy. In a practical implementation, parallel computation of the 

optical flow using two different regularization schemes could be applied to global tracking of the 

main target and local tracking at the edges of the irradiated field.  

From table 5.1, a mean absolute difference of 0.6 mm was obtained when comparing the MLC 

positions with the actual OAR positions. This error encompasses both tracking and prediction 

error of 0.3 mm. The remaining errors would have been attributed to the differences between the 

MLC positions and the actual OAR positions.  

The linear regression plots in figure 5.10(b) and 5.10(c) have offsets of 0.13 mm and 0.40 mm in 

the correlation of the predicted OAR position and MLC position with respect to the computed 

OAR positions, respectively. The difference in the offsets is about 0.3 mm. This offset seems 

consistent with the single row of pixels (0.28 mm) used in the non-adaptive buffer to compensate 

for the missing row of vectors at the edge of the field. Comparing figures 5.9 (a), 5.9 (b) and  

5.9 (c), the computed OAR position starts to under-estimate its actual position near the peak of 

the inter-frame displacement during the intrusion phase (i.e. positive displacement). Under-

estimation implies that the computed OAR position intrudes less inwardly into the irradiated 

field, i.e. located nearer to the initial MLC edge MLCpos(ref). Since position errors (computed – 
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actual OAR positions) are measured with respect to the initial reference position MLCpos(ref), 

negative errors would have been incurred. Hence, during the intrusion phase, a combination of 

positive (before the peak of displacement) and negative position errors are observed in figure 

5.11 (a). Under-estimation would peak at the positions where the intrusion is at its maximum as 

observed in figure 5.9 (b). The accumulation of the position errors in the retraction phase causes 

the computed position of the OAR to be nearer to MLCpos(ref), thereby increasing the negative 

position errors as supported by the histogram shown in figure 5.11 (a). The accumulation of 

position errors would account for the difference in the error distributions between figure 5.11 (a) 

and 5.11 (c).  

As a result of momentarily losing track of the OAR during intrusion (i.e. positive displacements 

(figure 5.9(a)), instances of zero displacement, are observed during. The impact of tracking 

during intrusion is minimal as compared to losing track when the OAR retracts and exits the 

radiation field. The lesser impact (during intrusion) is due to the fact when a zero displacement is 

detected momentarily during the intrusion, the algorithm is designed to retract the MLC leaves 

and expand the analysis region with an added buffer (equation 5.2(b)), so as to re-capture the 

frontal edge of the intruding structure in the irradiated field. Furthermore, the probability of the 

intruding structure making an abrupt reversal is small versus a gradual transition. In most cases, 

as long as the OAR continues to intrude into the irradiated field, it (i.e. the OAR) will appear in 

the subsequent image frame. However, during retraction, any increase in velocity compared to 

the velocity predicted from previous images could potentially see the MLC adapting less than the 

motion of the retracting structure (i.e. the edge of the partially intruded OAR), thereby losing 

track of it. For these reasons, different buffers were applied when tracking an intruding versus a 

retracting OAR. Ultimately, the buffer size is a trade-off between the amount of healthy 
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tissue/OAR exposed to radiation and the need to maintain constant tracking of the intruding 

OAR. To maintain tracking of the OAR, a buffer with two rows of pixels was initially 

implemented for both intrusion and retraction of OAR. However, since the impact of losing track 

during intrusion is minimal, the buffer size was reduced to one row of pixels with the benefits of 

shielding more, healthy tissue.  

When compared to the tracking of the global motion of the main target [28], similar limitations 

of the algorithm exist when tracking high velocities. The uncertainty in tracking at the edges is 

greater than when tracking a central tumor (0.3 ± 0.3 mm vs. 0.2 ± 0.2 mm). The inaccuracies in 

tracking the OAR may be attributed to the use of a 3-by-3 pixel regularization in the current 

optical flow algorithm and the need to add buffers to prevent losing track of the OAR. The 

buffers cause the MLC leaves to move either behind or ahead of the OAR during intrusion and 

retraction respectively. As a result, sampling of the local motion vectors at the edges of the MLC 

leaves might not coincide with frontal edges of the OAR where contrast is high. The motion 

vectors could have been sampled from the homogeneous region of the OAR where their 

magnitudes are less reliable [30].  

The above analysis of the limitations and accuracies of the algorithm was performed in the 

benchmarking process with a sinusoidal motion. Extending the work to track to track more 

realistic motion using patient traces provides verification of the robustness of the algorithm for 

tracking motion with different characteristics. From the results of the patient studies shown in 

figure 5.12 and table 5.2, the higher frequency motions exhibited by patients 1 and 2 incur a 

larger average position error compared to the lower frequency motions exhibited by patients 3, 4 

and 5. For higher frequency motion the number of intrusions is higher and as a result, there is a 

higher chance of incurring errors compared to the low-frequency motions with fewer intrusions. 
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This scenario is different from that of tracking the global motion where the target is always 

present in the image. For global tracking, the higher frequency motions are observed to incur 

smaller position errors [30]. 

In analyzing the spikes in the tracking errors observed during the 3
rd

 and 7
th

 breathing cycle of 

patient 2 (refer figure 5.12), the presence of banding artifacts was observed at the edge of the 

affected images. Banding artifacts are stripes of light and dark regions spanning across the entire 

width of an EPID image and are due to the interaction between the irradiation pulses and the 

EPID image readout [43].
 
The fluctuation in intensity violates one of the assumptions of the 

optical flow algorithm for accurate tracking. The variations in image quality can pose a challenge 

for local motion analysis that monitors over a small region of interest. Possible solutions include 

1) incorporating methods
 
to handle banding artifacts [43]

 
and 2) tracking with robust SIFT 

features [28] instead of using the intensity-based optical flow algorithm. 

The tracking errors would have a minimal impact on the dosimetry of the main target. As shown 

in the benchmarking study of tracking the sinusoidal motion, any over-estimation would result in 

momentary loss of tracking, which prevents the MLC leaves from advancing further than the 

OAR. Any under-estimation of the motion would imply that a portion of the intruding OAR 

would not be shielded. Overall, the potential benefits of adapting the MLC to shield the OAR 

would outweigh the impact of the associated error (about 1 mm).  

In this study, the intrusions were simulated with motions represented by tumor trajectories. 

These intrusions emulate either 1) a stationary OAR intruding into the treatment field that is 

following the motion of a tumor, or 2) a moving OAR that is intruding into the irradiated field 

periodically. The intrusions at the field edges were simulated with a non-overlapping intruding 
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OAR. However, in practical situations, the OAR could intrude and overlap with either the target 

or the margins required for effective treatment. Continuous adaptation to shield the intruding 

OAR could encroach into the treatment regions that could compromise local tumor control 

probability (TCP). It is envisioned that a weighting between treating the main target and the 

amount of adaptation required to avoid the OAR would be needed, which itself warrants a 

separate study. However, preliminary works of adapting the beam to different margins during 

treatments have already been proposed [44, 45]. Since the local adaptations could introduce 

deviations to the treatment delivery compared to the treatment plans, its dosimetric impact, and 

treatment outcome would require further detailed studies. 

Although MV images have been known to suffer from low contrast, the accuracy of tracking 

motions with images of clinical contrast-to-noise ratio have been studied and could be accounted 

for in practical applications [30]. As long as there is motion in the image, the optical flow 

algorithm, which provides pixel-by-pixel motion estimation, has been known to detect the 

“structure from motion” [46], despite the low contrast. Alternatively, our proposed method can 

be used to track motions of implanted seeds that have a higher contrast.  

An ideal dynamic MLC system was assumed whereby the MLC leaves would adapt to every 

subsequent image. For practical realization, mechanical constraints of the MLC leaf, delay due to 

image processing and acquisition, and optimization and fitting of the MLC leaves to conform to 

the shape and dosimetric plan of the target have to be factored into the system [47-50].  

Without adapting the MLC leaves, the intrusion detection mechanism itself can be applied to 

provide intra-fraction verification of unintended exposure of healthy tissues/OAR to radiation 

during treatment. Further tracking of the intrusion could provide the duration and the cumulative 
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radiation dose of each unintended exposure. Another alternative application could be to use the 

OAR tracking as a real-time safety monitoring method, whereby the treatment is terminated 

when an unplanned intrusion is observed. With treatment such as VMAT and IMRT, a potential 

method of treatment verification involves comparing the treatment images with the DRR of the 

planned treatment field [51]. Following this technique, structures that intrude into the treatment 

field at the edges will be detected by our proposed method when making a comparison with the 

planned treatment field. Subsequent adaption of the field edges could be pursued for real-time 

rectification.  

This work focuses on detecting local motions at the edges and adapting the MLC leaves 

accordingly. Tracking of the global motion due to the main target has been well studied by other 

research groups
 
[2-8], as well as in our previous work

 
[30] and hence, has not been repeated in 

this paper. We have demonstrated the capability of the algorithm in tracking rigid-body objects 

intruding with clinically realistic velocities and motion profiles using data from five patients, and 

a simple rectangular treatment field bound by a bank of MLC leaves on a straight edge. The next 

logical step would be to track both the global motion of the main target as well as intrusions at 

the edges of a clinical treatment field instead of the simulated rectangular field. With a smaller 

field size, it would be interesting to compare the difference between the global and local motions 

at the edges. A complete solution that combines an adaptive aperture [2-4] (i.e. adapting the 

leaves according to the global motion) with local correction at the edges to avoid OAR intrusion 

(i.e. the work presented here) is also currently being studied and will be reported in the future. 

The results are promising and to the best of our knowledge, this is a first attempt to determine 

local motion at the edge of an irradiated field, in particularly, to track a partially intruding OAR 

next to an MLC leaf’s edge and adapt the leaf according to the motion detected. 



167 

 

5.5 Conclusions 

The ability to detect and adapt the treatment field based on motions observed at the edges of an 

irradiated field has been demonstrated. The optical flow algorithm was optimized using 3-by-3 

pixel regularization, a cluster of 9 rows by 9 columns of local vectors and a control algorithm 

with one-frame prediction and buffers. A virtual DMLC system was used to evaluate how 

closely an MLC could follow the tumor motion. In the benchmarking process (i.e. OAR moving 

according to a mathematical function), the average absolute position error of 0.3 mm was 

obtained in tracking intrusions with a maximum velocity of 10 mm/s and a maximum 

displacement of 10 mm representing average clinical tumor motion. A strong correlation (r
2
  

0.98) was observed between the MLC leaves and computed OAR positions. The algorithm was 

further evaluated using realistic motions obtained from five lung cancer patients. A mean 

position tracking error of -0.4 ± 0.3 mm and a precision of 1.1 mm were obtained when tracking 

the intrusion while adapting the MLC leaves to spare the OAR. These errors are small in 

comparison to the typical organ motion while limiting the exposure of the OAR to less than 0.5 

mm. 

This preliminary proof-of-concept study unveils a unique tool that would allow for (1) intra-

fraction monitoring and detection of motion and potential OAR intrusion at the field edges and 

(2) adaptation of MLC leaves based on the motion detected. Challenges of local motion tracking 

using a small region of optical flow vectors have been highlighted. The proposed local 

adaptation technique would be an attractive feature to supplement systems tracking the main 

target motion.  
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Chapter 6 Prediction of Tumor Trajectory Using a Generalized Neural Network Coupled 

with a Sliding Window  

 

In this chapter, a systematic design of a neural network using a mixture of online data acquired 

during the initial period of the tumor trajectory, coupled with a generalized model optimized 

using a group of patient data (obtained offline) is presented. This neural network could be used 

to predict the tumor and/or critical structure motions detected using the algorithms presented in 

chapters 3-5. Part of the work was published as a book chapter in volume 51 of the IFMBE 

Proceedings series,  DOI:10.1007/978-3-319-19387-8_146, and presented in the World Congress 

on Medical Physics and Biomedical Engineering, June 2015 Canada. An abstract based on the 

generalized model was selected for presentation at the Young Investigator’s Symposium 

(finalist) at the annual meeting of the Canadian Organization of Medical Physicist (COMP 2016) 

in St. John’s, Newfoundland. The material is also prepared for submission to Medical Physics by 

the author of this dissertation. 

Abstract 

Purpose: Accurate prediction of intra-fraction lung tumor motion is required to compensate for 

system latency in image-guided adaptive radiotherapy systems. The purpose of this study 

includes finding an optimal prediction model that (1) has a short learning period so that 

prediction and adaptation can commence as soon as the treatment begins, and (2) requires 

minimal re-optimization for individual patients. Specifically, the feasibility of predicting tumor 

position using a mixture of online data (intra-fraction) acquired from the initial period of the lung 

tumor trajectory, coupled with a generalized model optimized using a group of patient data 

http://link.springer.com/bookseries/7403
http://link.springer.com/bookseries/7403
http://link.springer.com/book/10.1007/978-3-319-19387-8
http://link.springer.com/book/10.1007/978-3-319-19387-8
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(obtained offline) is examined. The efficiencies and accuracies of using inherited vs. randomly 

initiated weights to initialize training for each sliding window (training batch) are compared. 

  

Methods: A 3-layer perceptron neural network was implemented to predict tumor motion over a 

prediction horizon of 650 ms. The backpropagation algorithm was used for training with a 

sliding temporal window of samples as input while weight matrices were updated using a batch 

gradient descent approach. Seven 1-minute lung tumor motion samples in the superior-inferior 

direction were selected from a CyberKnife dataset to represent abrupt, fast and average 

circumstances of breathing. The data were sampled at a rate of 7.5 Hz (0.133 s) to emulate the 

frame rate of an electronic portal imaging device (EPID). To determine the optimal parameters 

of the network, the sliding window length was set to be equivalent to the first breathing cycle 

detected from each trajectory. Next, performing a parametric sweep, an averaged error surface of 

mean square error (MSE) with input data size and number of hidden neurons as parameters was 

obtained from the prediction responses of the seven patients. One pair of input data size and 

number of hidden neurons was selected as parameters for the generalized neural network model 

based on the MSE score while maintaining a parsimonious model. Using the generalized model, 

the prediction accuracies for the seven patients were evaluated while including data from an 8
th

 

patient as a leave-one-out scheme for cross-validation. To reduce training time, instead of using 

random weights to initialize learning (method 1), weights inherited from previous training 

batches (method 2) were used to predict tumor position in each sliding window. Accuracies and 

efficiencies of using both methods were compared. 
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Results: An input data size of 35 samples (4.6 s) and 20 hidden neurons was selected for the 

generalized neural network. An average sliding window length of 29 samples (3.9 s) was used. 

The average initial learning period prior to the availability of the first predicted tumor position is 

8.8 s. With an average mean absolute error of 0.59 mm and an average computation time of 0.02 

s, method 2 yields lower errors and faster computation. The average root-mean-square-error of 

0.83 mm is comparable to results published in previous studies. Prediction errors are mainly due 

to the irregular periodicities between cycles. The errors for the leave-one-out cross-validation 

sample are within the range of errors observed from the other trajectories.  

Conclusions: A network with a relatively short initial learning time was achieved. Its accuracy is 

comparable to previous studies. This network could be used as a plug-and-play predictor in 

which (a) tumor positions can be predicted as soon as treatment begins and (b) the need for 

pretreatment data and optimization for individual patients can be avoided. 

6.1 Introduction 

6.1.1 Challenges and criteria for the implementation of prediction in adaptive radiotherapy  

Human respiration motion signals are considered as semi-periodic and non-stationary. The 

signals exhibit variations in trend, frequency, and baseline over time [1]. The variations imply 

that the prediction accuracy is limited to the near term as its accuracy diminishes over longer 

time spans [2]. Hence, a good prediction model should be 1) robust to both regular and irregular 

breathing patterns; 2) able to recover rapidly from random inputs and abrupt changes such as 

sneezing and coughing, and 3) able to adjust its parameters quickly using a minimal amount of 

input data gathered during a patient’s treatment. 
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In order to use a neural network to predict tumor motion, optimization of the network and 

measurement of its performance must be performed by (1) offline learning with pre-treatment 

data, or (2) online learning during the initial periods of the treatment delivery. In both 

approaches, the optimal network model is often selected with its parameters optimized according 

to the tumor trajectories of the individual patients. Challenges exist in using the individually 

optimized models trained with either offline or online learning.  

With offline learning using pre-treatment data, the motions learned during training could be 

different to the motions observed during treatment delivery. Inter-fractional variations of >3mm 

in tumor position relative to the first pre-treatment cone beam CT scan have been noted in 60% 

of subsequent treatment fractions [3]. This could introduce systematic errors between the 

predicted motion which is based on the learned weights (from previous fractions) and the motion 

observed during treatment. Hence, the network needs to adapt to motion observed during 

treatment. Training periods ranging from 12 s to 80 s have been used to determine the optimal 

parameters of the neural network [4].  

With online learning, given the complexity of the network design and the changing nature of the 

tumor trajectory, the network will take longer to train if offline training is not available before it 

is capable of making its first prediction. This would imply that adaption of treatment to 

compensate for tumor motion can only occur after this initial ‘waiting period’. Despite these 

challenges highlighted in both methods, the individually optimized neural network models are 

prone to biases and large errors when compared to a generalized model [5-8]. The generalized 

neural network trained with diverse motion patterns would require less adaptation that could 

reduce both initial and subsequent training durations. 
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6.1.2 Design considerations for using a neural network as a predictor for tumor motions 

The prediction performance of a neural network depends on (1) the characteristics of the data, (2) 

presentation of the data to the training model, (3) the training scheme and (4) the architecture of 

the neural network model [1, 5, 9-10]. While the characteristics of the data describe the 

amplitude, trends, cyclic and other underlying components of the tumor trajectory (refer to [1]), 

the presentation of data would involve the selection of appropriate input data and sliding window 

length. The learning algorithms and the number of training epochs are associated with the overall 

learning scheme of the model while the architecture of the network is dependent on the size of 

the hidden layers, the number of hidden neurons and the types of activation functions. The 

number of hidden neurons is a tradeoff between the inabilities to learn with few neurons versus 

poor generalization capability with an excessive number of neurons. Changes of data over time 

could render an optimal model obsolete. Due to the numerous design considerations, the trial-

and-error approach in determining the optimal parameters, and the lack of a universal design 

guidelines, the design of a neural network has often been considered as an art rather than an 

exact science [11-13].  

To avoid problems associated with finding the optimal neural network model, a model averaging 

approach which combines a diverse range of predictors has been used to realize a model that is 

less susceptible to bias and large errors [5-9]. By combining predictors, the prediction 

performance may be better than using an individually optimized model [5-9]. In addition, the 

model averaging approach avoids the tediousness of fine-tuning the parameters to optimize an 

individual model [5]. The most common form of model averaging is realized via an ensemble of 

neural networks with each of the networks trained using different algorithms, structures, and 
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initial weights [5, 13-15]. The outcomes from these individual networks are then used to make a 

collective forecast.  

To ensure that a neural network can be used to predict the underlying motion, the principle of 

model parsimony should be adhered to. This rule-of-thumb suggests that given a variety of 

models with different structures and complexity that fit the data, the network with the 

smallest / most compact structure should be adopted to avoid overfitting [16, 17].  

In this work, the concept of using an averaged model while adhering to the principle of 

parsimony will be explored [17]. Systematic design of the neural network using a mixture of data 

acquired during the initial period of the tumor trajectory, coupled with a generalized model 

optimized using diverse patient data will be presented. Specifically, the average mean square 

error surface obtained from seven patients will be used to determine the input data size and 

number of hidden neurons for the generalized neural network model. Modifications to the design 

of the neural network include (a) integration of the tumor position obtained during delivery into 

the design parameter of the neural network; (b) incorporation of prediction outcome from 

different patients to determine the parameters of a generalized NN; and (c) reduction of error and 

training time using inherited weights from previous training batches. The possibility of using the 

neural network as a plug-and-play model that does not require optimization from the pre-

treatment data of individual patients will be tested.  
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6.2 Methods and Materials 

6.2.1 Proposed neural network model 

A multilayer perceptron neural network model was implemented with 3 layers, namely input (l 

=1), hidden (l = 2) and output layer (l =3) (figure 6.1). For the current time series forecast 

application, the input layer consists of  input nodes that represent a vector of historical data. 

The hidden layer consists of k hidden nodes to serve as the learning and memory for the neural 

network.  is the weight matrix from the input layer to the hidden layer, and is the weight 

matrix from the hidden to the output layer. The output layer sums and weights the outcome from 

the hidden nodes and produces the value y predicted in the future horizon through a single output 

node. Multiple output nodes could be used for multi-step predictions.  

 

Figure 6.1 : A three layer neural network model. 
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6.2.2 Learning algorithm using backpropagation with gradient descent 

The backpropagation algorithm [18-23] was used for learning. The algorithm consists of forward 

and backward passes. In the forward pass, the data from each input node is multiplied by the 

weights connecting between the input nodes to all the hidden nodes. The weights are coefficients 

that model the connection between the neurons/ nodes. At the input of each hidden node the 

multiplied values from the different input nodes are summed to produce a value z. An activation 

function is applied to the summed data prior its exit from the hidden node. The activation 

function maps the summed data to a bounded, non-linear range of values. At the output node, the 

summed data from all the hidden nodes is compared to the targeted value y (i.e. acquired tumor 

position from an electronic portal imaging device).  

In the backward pass, the difference between the targeted and predicted value is propagated from 

the output layer back to the hidden and input layers respectively. In each layer, the difference 

between the backpropagated and forward output value of each node is determined. The gradient 

of these differences (i.e., error) with respect to the changes in the weights are established (for 

each node). Using a gradient descent approach, the weights associated with each node are 

adjusted to reduce their respective errors. The weight values are refined iteratively using 

different sets of training data presented to the network. Training will terminate when the error 

threshold or the maximum number of training epochs is reached.  

The use of the gradient descent method to search for the combination of weights that minimizes 

the error function requires the computation of the gradient of the error function for each iteration. 

To ensure the differentiability and continuity of the error function, a sigmoid function of the 

form  
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                                                   (6.1) 

was used as the activation function on the neural nodes, where z represents the summed value at 

the input of each node in the hidden and output layers. The corresponding gradient of the 

activation function has the form  

                                                              (6.2) 

A batch gradient descent to update the weight matrices of the network was used in this work 

[21]. In the forward pass, the matrix for the input values to the hidden nodes in the hidden layer 

(l = 2) can be expressed as 

               (6.3) 

where is the matrix for all the weights between the input and hidden layers. After applying 

the activation function to the summed input, the activated output from the hidden nodes can be 

represented in a matrix 

                                        (6.4) 

The activated values in the matrix are transmitted from the hidden layer to the output layer (l =3). 

The summed value at the output node is given as 

                                          (6.5) 

where is the matrix for all the weights between the hidden and output layers. By definition, 

the sigmoid function maps data from (-infinity, infinity) to (0, 1). However, there is no guarantee 
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that for our application the data is from 0 to 1. Therefore, the activation function was not applied 

to the output layer. The squared error, i.e. overall cost function J in the output layer (l =3) can be 

expressed as 

                       (6.6) 

where  are the actual output values and the factor of ½ is a value applied to simplify the 

function’s derivative. The expression will later be multiplied by a learning rate, and hence it does 

not matter if a constant coefficient is introduced now. The goal is to minimize as a function of 

the weights . This requires the determination of the error derivative with respect to the weights. 

The weights can then be updated by an amount proportional to the rate at which the error 

changes as the weight is changed. The iterations of the gradient descent algorithm updates 

according to:  

           (6.7) 

where  is the learning rate.  

The backward pass begins by letting the error sensitivity term with respect to the input z
(3)

 of 

each activation function, be represented by (in the output layer, l =3)  

.      (6.8) 

 indicates the sensitivity of the network error with respect to changes in the input of each 

activation function. The error term in the hidden layer can be calculated using the chain rule:  
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    (6.9) 

among which  

      ,     

,   

      (6.10) 

Substituting equation (6.10) into equation (6.9) and using the chain rule derivation above allows 

the error on the hidden layer to be expressed as:  

         (6.11) 

Since the input value  to the hidden nodes in layer (l + 1) is related to the weights and 

activation in the preceding layer through the relation  

          (6.12) 

the gradient of the cost function with respect to the weights can be expressed as   
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                           (6.13) 

Finally, the weights can be updated by  

      (6.14) 

where  is the learning rate. The change of weights can be simplified as:  

       (6.15) 

After sufficient training iterations, a set of optimal weights  can be obtained that minimizes the 

cost function , and these weights are used to predict future tumor positions. 

6.2.3 Data acquisition  

The goal is to use different tumor trajectories to test the ability of the prediction algorithm. We 

are concerned with various contributors to lung tumor motion. These include the amplitude, rate, 

shape, and consistency of the patient’s breath as well as the tumor location within the 

lungs/thoracic cavity, the health of the tissue in the lungs, and any unexpected change in 

breathing such as a cough or sigh. Different speeds and sudden variations in the tumor motion 

may present different circumstances that will affect the accuracy of target tracking.  
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The CyberKnife Synchrony (CKS) dataset provides the raw data used by the system in tracking 

the position of tumors at various sites [24]. The CKS method measures motion of external 

surrogates (light emitting optical fibers tracked by an infrared camera) and periodically 

determines the actual position of the tumor (with images of implanted gold fiducials) to test and 

update the correlation model. Due to system noise, these traces are smoothed out by the CKS 

team in their analysis of the patient data. They use a first-order low-pass Butterworth filter to 

smooth the data in each dimension. Thirty lung tumors, over 105 fractions, are included. Twenty-

eight of these fractions have been imported and analyzed for this experiment. Considering the 

ranges of amplitude, breathing rate, and shape of the recorded traces, 1 minute of tumor motion 

data in the superior-inferior (S-I) direction of seven patients were selected to represent fast, slow 

and average circumstances of breathing rate and amplitude. Some trajectories were chosen since 

they included an abrupt change in breathing pattern (a cough or sigh, for example) and some 

represent a lack of consistency in the overall trace. The data were sampled at a rate of 7.5 Hz to 

emulate the frame rate of the Varian AS500 electronic portal imaging device. The characteristics 

of these traces are summarized in table 6.1.  
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6.2.4 Partitioning of data for training using a sliding window approach 

The neural network model was trained with a sliding window scheme shown in figure 6.2 [25-

32]. The stages of sliding window learning include: (1) initial learning with a finite set of 

training data; (2) testing the model by making predictions for a defined prediction horizon; (3) 

sliding the training window forward to obtain a new model with the updated training data; (4) 

using the new model to make a subsequent prediction; and (5) repeating the sliding window 

process till all data are predicted. The learning scheme shown in figure 6.2 depicts a first-in-

first-out data sequence with a sliding window of length L encompassing the output of the 

training, validation, and testing samples. The data are the tumor positions acquired during 

treatment delivery.  
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Table 6.1 : Characteristics of the tumor trajectories (S-I direction) of seven patients observed 

over a duration of 1 min.
†
 

Lung 

tumor 

trajectories 

Breaths 

per min., 

Groupings 

Range of 

Amplitudes 

(mm) 

Max. 

Acceleration
*
 

(mms
-2

), Rank
 

General Description 

P1 24, 1 4-8 -43.9, 2 

Irregular peak and 

trough positions 

P2 25, 1 7-9 -38.4, 4 

Regular shape and 

period 

P3 24, 1 6-10 -38.5, 3 
One larger breath 

P4 17, 2 4-16 73.8, 1 

High acceleration, one 

deep inhale followed by 

an irregular period 

P5 15.5, 2 2-4 -10.3, 7 

Irregular peaks and 

troughs positions 

P6 12, 3 7-8 -30.9, 5 
Irregular period 

P7 11, 3 8-9 -20.6, 6 
Non-symmetry between 

inhale and exhale. 

*
Maximum acceleration was determined by the peak magnitude of acceleration in the 1-minute 

trace. The positive or negative sign indicates the direction of change in velocity. 
†
The characteristics of the tumor trajectories are different from those presented in table 4.1. 
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Figure 6.2. : Online learning and prediction using a sliding window scheme with data obtained 

during treatment delivery. Training in each sliding window will stop when either the maximum 

number of epochs or the specified MSE is reached. 

 

6.2.5 Establishing the values of the parameters (number of hidden neurons, sliding window 

and input data size) for the model 

The length of the sliding window corresponds to the number of training batches required to 

optimize the weights of the neural network model. Each training batch is comprised of multiple 

samples of input-output data pairs grouped as a vector (or feature) for learning. The input data, a 

finite length of immediate past data prior to the predicted data, provides the minimal information 

that is needed to support the predicted outcome. The presentation of the input and corresponding 

output pair of data to the neural network enables the model to learn to predict with the required 

prediction horizon. A prediction horizon of 650 ms corresponding to approximately five samples 

(tumor positions acquired at 0.133 s interval) of delay was simulated to cover the system 

latencies observed with an EPID-based image-guided radiotherapy system (IGRT) [33, 34], as 
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well as for other IGRT systems where the latencies are smaller than 650 ms [35], since 

prediction error often only increases with the prediction horizon. The iterative learning in each 

sliding window will terminate when either the maximum number of training epochs or the 

desired mean square error (MSE) was reached. Both sliding window and input data size could be 

optimized to improve the accuracy of the prediction [31 32]. 

A common practice when training the model is to partition the data in the sliding window into 

training, testing and validation datasets [32]. During implementation, the training, testing, and 

validation were divided into 80%, 10% and 10% of the size of the sliding window. In other 

words, within the training dataset (i.e., 80% of the sliding window data), there would be vectors 

comprising finite lengths of input data and their corresponding output data.  

Due to the large combinations of sliding window length, input data size and number of hidden 

neurons, a 2-stage process was used to determine the optimal combination of parameters. Firstly, 

the sliding window length was determined using the 1
st
 period of the detected tumor trajectory of 

each patient. The rationale for selecting the 1
st
 period is to expose the neural network to the full 

inhale and exhale trends observed in one period. Although different periodicity might occur for 

the remaining treatment, selecting the 1
st
 period for the sliding window would allow the 

determination of the neural network parameters to be established early so that the first prediction 

would be available as early as possible (vs. selecting other periods). A summary of the 1
st
 period 

detected from the seven tumor trajectories and the corresponding sliding window sizes used for 

the neural network is shown in table 6.2. Secondly, a parametric study (by sweeping the values 

of the parameters in a fixed step size) was implemented to identify the possible combinations of 

input data size and number of hidden neurons. Specifically, by sweeping the input data size from 

10 to 100 in steps of 10 data samples, while the number of hidden neurons was increased from 
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10 to 100 in steps of 10 neurons, an array of neural network models were used to predict the 

tumor trajectories of each patient. An additional parametric study with five input data and five 

hidden neurons was included. A 2D array of MSE with the two parameters as variables was 

obtained from the predictions for each of the seven trajectories along with an average 2D array of 

MSE. From this average MSE surface, regions with low MSE, which are less sensitive to the 

parameter changes, were identified. Within the low sensitivity region, one pair of input data size 

and number of hidden neurons was selected as the parameter for the generalized neural network 

model following the principle of parsimony. Applying the selected pair of parameters to the 

generalized neural network model, the prediction responses for the seven trajectories were 

determined. A summary of the whole process is given in figure 6.3. This approach is similar to 

selecting an average model from an ensemble of neural networks and using the average model to 

make individual predictions [13-15], except that instead of obtaining a combined prediction from 

multiple models a generalized set of parameters was obtained from the results of multiple 

models.  

Table 6.2 : Summary of 1
st
 period detected from the tumor trajectory and the sliding window 

length used in the neural network for each patient trace prediction. 

 Lung tumor trajectories  

 
P1 P2 P3 P4 P5 P6 P7 Average 

1
st
 period of tumor 

trajectory (s) 
3.1 2.7 2.3 3.6 2.9 4.8 6.4 3.69 

Sliding window 

size* (data 

samples) 

25 22 19 29 22 36 50 29 

*Data samples were chosen with two extra samples in addition to the 1
st
 period of the 

tumor trajectory 
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Figure 6.3 : The process involved in building a generalized neural network model for the 

prediction of tumor position. 

 

4. Obtain a 2D error surface with the two parameters as 

variables. 

2. Defined the sliding window length based 

on the 1st period of the tumor trajectory. 

8. Predict tumor positions using the generalized model. 

 Acquire tumor positions. 

1. Determine the 1st period of the tumor trajectory 

obtained from intra-fraction treatment data 

3. Perform a grid search approach to obtain prediction 

performance (MSE) for two sets of parameters (input 

data size, number of hidden neurons). 

6. Locate regions in the 2D surface with low MSE 

and sensitivity to changes in both parameters. 

7. Select a parsimonious combination of input data size 

and number of hidden neurons (to reduce learning time 

and avoid over-learning) for the generalized model. 

5. Obtain an average 2D error surface for all trajectories. 

Trajectory count ≠7 

Trajectory count =7 
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6.2.6 Weight inheritance 

Two methods were used to establish the initial weights for each training batch (i.e. sliding 

window, as described in Section II. D). Method 1 uses randomly initialized weights to re-train 

the network while Method 2 uses inherited weights for each training batch. The inherited weights 

would act as regularization for the model and would allow subsequent trainings to converge 

faster [36]. A summary of the two methods is given in table 6.3 and their performances (accuracy 

and computation time) were compared. 

Table 6.3 : A summary of the two methods used for weight initialization. 

Methods 
Training 

Epochs 

Learning 

Rate 
Weights initialization 

Mtd. 1 800 0.02 Weights initialized for each training batch 

Mtd. 2 800 0.02 Inherited weights from the previous batch 

 

6.2.7 Evaluation of prediction performance  

With 𝑦𝑖̂ 𝑎𝑛𝑑 𝑦𝑖 being the predicted and actual tumor position respectively, the performance of 

the neural network was evaluated using the mean error, mean absolute error (MAE), mean square 

error (MSE) and root mean square error (RMSE) is given by  

𝑀𝑒𝑎𝑛 𝑒𝑟𝑟𝑜𝑟 =
1

𝑁
∑ (𝑦𝑖̂ − 𝑦𝑖)

𝑁
𝑖=1       (6.16) 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑦𝑖̂ − 𝑦𝑖|

𝑁
𝑖=1         (6.17) 



193 

 

𝑀𝑆𝐸 =
1

𝑁
∑ (𝑦𝑖̂ − 𝑦𝑖)

2𝑁
𝑖=1      (6.18) 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑦𝑖̂ − 𝑦𝑖)2𝑁

𝑖=1      (6.19) 

where N is the number of data samples in each training batch. The mean error determines if the 

prediction under- or over-estimates the actual tumor position (i.e., the sign of the error) while the 

MAE is an estimate of the magnitude of the error. The MAE assigns equal weights to the error 

terms while the MSE emphasizes the outliers. As a result, the MSE was used during training 

iterations since it penalizes extreme errors [37]. For radiotherapy applications where safety is 

emphasized, it is essential to have a small maximum prediction error to avoid irradiating healthy 

tissue. Hence the maximum absolute error was included as one of the evaluation metrics. The 

performance of methods 1 and 2 were compared using the above metrics. 

To show that the proposed neural network can be used as a plug-and-play prediction module and 

to evaluate its capability to generalize and make predictions on unseen data, a 1-minute tumor 

trajectory of patient 8 (P8), which has not been used in the determination of the average MSE 

error surface, was left out of the training data sets and used as a sample for cross-validation. The 

1
st
 period of the tumor trajectory of patient 8 was determined at 34 s, leading to a sliding window 

length of 26 samples.  

Finally, differences in the prediction errors between the generalized and personalized neural 

network will be compared using tumor trajectory P6. 

  



194 

 

6.3 Results 

Figure 6.4 depicts the 2D error (MSE) surfaces as a function of the number of hidden neurons vs. 

input data size for tumor trajectories P1 (figure 6.4. (a)) to P7 (figure 6.4(g)). For most of the 

trajectories, similar trends of decreasing errors are observed as the number of hidden neurons 

increases. The prediction error surface for P6 exhibits a large variation in error magnitude along 

the x-axis, indicating that it is sensitive to variations in the amount of input data. Figure 6.4(h) 

plots the average MSE for the seven patients. The MSE is more dependent on the input data size 

compared to the number of hidden neurons. A relatively stable MSE region is observed when the 

input data length increases beyond fifty-five.  

Figure 6.5 depicts the MSE surfaces for the seven trajectories obtained using method 2. Except 

for trajectory P6, the error decreases as the input data size increases. For P6, small errors were 

only observed with input data sizes of less than 15. The errors were sensitive to the parameter 

selection. Figure 6.5(h) plots the average MSE for the seven trajectories. Compared to the 

average MSE of method 1 (figure 6.4(h)), a relatively stable error surface is obtained with 

method 2. With fifteen hidden neurons (figure 6.5), a stable MSE error surface is observed with 

an input data size of fifteen to one hundred. Beyond thirty-five input data samples, it is observed 

that the variation of MSE with respect to the number of hidden nodes is relatively insignificant. 

A combination with thirty-five input data samples and twenty hidden nodes was selected as the 

optimal set of parameters for the generalized neural network, i.e., (input data size, number of 

hidden nodes) = (35, 20). Thirty-five samples correspond to an input data length of 4.66 s. 
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(a) P1 

 

(b) P2 

 

(c) P3 

 

(d) P4 

 
(e) P5 

 

(f) P6 

 

(g) P7 

 

(h) Average 

 

Figure 6.4 : 2D error (MSE) surfaces showing the prediction performance as a function of the 

number of hidden neurons vs. input data size for trajectories (a) P1 to (g) P7 using method 1. (h) 

Corresponds to the average error surface obtained from the seven trajectories. 
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(a) P1 

 

(b) P2 

 

(c) P3 

 

(d) P4 

 
(e) P 5 

 

(f) P6 

 

(g) P7 

 

(h) Average 

 

 

Figure 6.5 : 2D error (MSE) surfaces showing the prediction performance as a function of the 

number of hidden neurons vs. input data size for trajectories (a) P1 to (g) P7 using method 2. (h) 

Corresponds to the average error surface obtained from the seven trajectories. 



197 

 

 

 

Figure 6.6 plots the actual and predicted tumor trajectories (P1 through P7) obtained using the 

generalized neural network model trained with method 2. The increase in position is associated 

with the inhale phase of the patient’s respiration. For trajectories P1, P2, P5, and P7, no drastic 

changes in the prediction errors were observed. Most of the errors occur near the peaks 

(transition from inhale to exhale) and troughs (transition from exhale to inhale) of the tumor 

trajectories. For trajectory P3, a deep breath with a peak-to-peak tumor position of around  

10 mm, an increase of 3 mm when compared to the previous cycle, was observed between 33 s to 

38 s (figure 6.6(c)). The error incurred during this period is -2.1 mm at around 37.2 s. It should 

be highlighted that the maximum absolute error for P3 was not due to the deep breath 

encountered between 33 s to 38 s. Maximum error of about 4.85 mm was incurred due to the 

irregular periods encountered at around 55 s (figure 6.6(c)). Similarly, for trajectories P4 and P6 

the increase in the prediction error at around 37 s and 39.5 s respectively was due to an irregular 

period where the tumor remained in the exhale/resting position over a longer duration compared 

to previous cycles. For P6, in addition to the spike in error at 39.5 s, the maximum absolute error 

of 6.09 mm occurs at 10.3 s. The initial learning periods, i.e., time taken prior to making the first 

prediction, for the seven trajectories are 8.27 s, 7.87 s, 7.60 s, 8.80 s, 8.13s, 9.87 s and 11.4 s for 

trajectories P1 – P7 respectively (using method 2). This corresponds to an average initial 

learning period of 8.8 s. 

The performances of both method 1 and 2 were summarized in table 6.4 and table 6.5 

respectively. Overall, method 2 yields lower errors compared to method 1. Average MAE of 0.73 



198 

 

mm and 0.59 mm were incurred for method 1 and 2 respectively. In both methods, the largest 

absolute error was incurred by P6 followed by P3.   
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(a). P1 

 
(b). P2 

 
(c). P3 
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(d) P4 

 
(e) P5 

 
(f) P6 
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(g). P7 

 

Figure 6.6 : Actual and predicted tumor trajectories (selected from seven patients) using  

method 2. 

 

Table 6.4 : Errors (predicted – actual position) in predicting patient tumor trajectories P1 

through P7 using method 1 with the generalized neural network model. 

 

Mean error 

(mm) 
MAE (mm) 

Max. abs. error 

(mm) 

RMSE 

(mm) 

P 1 -0.04 0.77 3.86 1.04 

P2 -0.02 0.61 3.07 0.80 

P3 0.06 0.72 5.00 1.10 

P4 0.12 0.91 4.82 1.38 

P5 0.02 0.37 1.49 0.48 

P6 0.26 0.87 7.71 1.58 

P7 0.08 0.83 4.18 1.17 

Average 0.07 0.73 4.30 1.08 
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Table 6.5 : Errors (predicted – actual position) in predicting patient tumor trajectories P1 

through P7 using method 2 (i.e., inherited weights) with the generalized neural network model. 

 

Mean error 

(mm) 
MAE (mm) 

Max. abs. error 

(mm) 

RMSE 

(mm) 

P1 -0.10 0.73 2.86 0.90 

P2 0.00 0.62 2.52 0.79 

P3 0.01 0.64 4.85 0.96 

P4 0.03 0.60 2.64 0.86 

P5 0.05 0.30 0.97 0.36 

P6 0.16 0.60 6.09 1.17 

P7 0.13 0.60 3.03 0.80 

Average 0.04 0.59 3.28 0.83 

The boxplot in figure 6.7 depicts the distributions of prediction errors amongst the individual 

trajectories for methods 1 and 2. For all the trajectories, the mean of their error distributions are 

close to zero. This indicates a symmetrical distribution of errors due to the under- and over-

estimations of tumor positions. Although P5 and P6 demonstrate the smallest spread of error 

measured by the 1.5 inter-quartile range (1.5IQR), the error distribution of P6 is marred by a 

large maximum error.  

Figure 6.8 plots the distributions of the prediction errors for methods 1 and 2 for all the 

trajectories and table 6.6 shows the accuracy (mean prediction errors ± standard deviation of the 

position errors of all the trajectories) and precision (the width of the central 68% of the 

distribution, after normalizing each distribution with the mean error). Method 2 yields better 

performance with an accuracy and precision of 0.04 ± 0.86 mm and 1.29 mm respectively. 

Method 2 requires an average computation time of 0.018 s to make a prediction on the tumor 

position.  
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Figure 6.7 : Boxplot showing the distributions of mean prediction errors amongst individual 

trajectories using Methods 1 and 2. 

 

 

 

Figure 6.8 : Boxplot showing the distributions of mean prediction errors of all trajectories using 

Methods 1 and 2. 
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Table 6.6 : Performance of the two prediction methods quantified by the computation time, 

accuracy (mean prediction errors ± standard deviation of the position errors of all the patients) 

and precision (the width of the central 68% of the distribution, after normalizing each 

distribution with the mean error) of the prediction against the actual tumor position. 

 Error Statistics 
Computation Time

*
 (s) 

 
Accuracy (mm) Precision (mm) 

Method 1 0.07 ± 1.12 1.54 0.04 

Method 2 0.04 ± 0.86 1.29 0.02 

* Average computation time for the prediction of a new tumor position on an Intel i5-2520M 

2.56GHz CPU.  

 

Figure 6.9 plots the actual and predicted tumor trajectories of patient 8. The errors, summarized 

in table 6.7, are within the range of errors observed from the other patients shown in table 6.5. 

Results imply that the neural network is capable of predicting tumor trajectories that were not 

used as part of the data samples to establish the parameters for the generalized neural network.  

Figure 6.10 plots the actual and predicted tumor trajectory P6 obtained using a personalized 

neural network trained with a smaller input window size (i.e., five) and number of hidden 

neurons (i.e., five) compared to the generalized neural network. Method 2 was used for the 

training. Table 6.8 provides a summary of the prediction performance for P6 obtained using the 

generalized and personalized neural networks. The improvement in the prediction performance 

acquired with a smaller input data size and hidden neurons is in agreement with the trend 

observed in the error surface plot shown in figure 6.5(f) where lower MSE error are observed in 

the regions with input data size smaller than 20. 
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Figure 6.9 : Actual and predicted tumor trajectories of patient 8(P8). P8 serves as the leave-one-

out sample to evaluate the performance of the generalized neural network (trained with method 

2) on unseen data. 

 

Table 6.7 : Errors (predicted – actual position) in predicting tumor trajectory P 8 using method 2 

with the generalized neural network model. 

 

Mean error 

(mm) 
MAE (mm) 

Max. abs. error 

(mm) 

RMSE 

(mm) 

P8 -0.04 0.74 2.53 0.93 
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Figure 6.10 : Actual and predicted tumor trajectory of P6 using a personalized neural network 

model with a smaller input window size (i.e., five) and a smaller number of hidden neurons (i.e. 

five). Compared to using a generalized neural network with thirty-five input data and twenty 

hidden neurons (figure 6(f)), the error at around 40 s in figure 6(f) was reduced as shown in this 

figure. 

 

 Table 6.8 : A comparison of the prediction performances of P6 using a generalized vs. a 

personalized neural network model, both trained with method 2. 

 

(Input data size, Nos. of 

hidden neurons) 

Mean error 

(mm) 

MAE 

(mm) 

Max. abs. 

error (mm) 

RMSE   

(mm
2
) 

Generalized 

model 
(35, 20) 0.16 0.60 6.09 1.08 

Personalized 

model 
(5, 5) 0.05 0.65 3.94 0.97 
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6.4 Discussion 

It was observed that prediction error peaks during the initial period (at 10.27 s) and at 39.5 s for 

the tumor trajectory of P6 (figure 6.6(f)), Analysis of the signal before 10.27 s (i.e. from the 

learning data prior to making the first prediction) and just prior to 39.5 s indicated that both 

errors occurred when the tumor remains in the exhale / resting position for a prolonged duration 

compared to previous cycles. In both cases, the prediction errors were allowed to accumulate 

without any intervention, i.e., the error increases from -0.02 mm at 38.8s to 5.3 mm at 39.6 s 

over a span of six predicted data samples. In practice, since each of these errors was determined 

after each treatment delivery, contingency plans to either activate gating or stop the treatment 

would have been imposed when the error exceeds a certain threshold after treatment deliveries. 

Since prediction errors can only be determined after treatment delivery, i.e., at the prediction 

horizon, any remedy to minimize the impact of the error can only be performed in subsequent 

delivery. 

Similarly, with a large prediction error detected at the beginning (i.e., 10.27 s) of trajectory P6, 

subsequent deliveries can be delayed until a more favorable motion profile is established by an 

alternative monitoring device (e.g. kV imaging) instead of using EPID images. The above 

strategy aims to minimize the impact and possibility of large prediction errors. With step-and-

shoot intensity modulated radiation therapy (IMRT) techniques, the effect of the prediction 

errors could potentially be averaged out.  

Using a personalized neural network with a smaller input data size and number of hidden 

neurons reduces the errors observed at 10.27 s and 39.5 s of trajectory P6 (figure 6.10). This 

could be due to the fact that the smaller window is more robust in handling changes in the 
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periodicity of the tumor trajectory since the smaller window prevents the model from retaining 

memories associated with the longer periodicity of previous breathing cycles. As a result, it is 

able to recognize the change more quickly when the period shortens. For future work, an 

ensemble/ committee [5], [13-15] of neural networks using different input data sizes can be used 

to make parallel predictions of the tumor positions. Based on the errors of prediction and pattern 

of the observed trajectory, the most suitable network could be automatically selected for 

subsequent predictions. Alternatively, dynamic weightings based on the errors amongst the 

prediction models can be used to provide an average prediction from the ensemble of networks. 

6.4.1 Factors affecting prediction accuracy  

Comparing the characteristics of trajectories in table 6.1 with the prediction results, changes in 

frequency within the trajectories tend to incur higher prediction errors. This is in agreement with 

the observations made by other groups [1] as well as observed in the trajectories of P4 and P6. 

Both trajectories are characterized by abrupt changes in the transition between exhale and inhale, 

i.e., the tumor would change direction rapidly after remaining in the exhale position for a long 

period of time. As a result, a larger proportion of the data points were being presented to the 

network when the tumor was near the exhale positions (refer to figures. 6.6(d) and 6.6(f)). 

Overlearning of the previous trend in which the tumor was near the exhale positions could have 

deteriorated the capability of the neural network to accurately predict the tumor position when 

the length of subsequent periods changes. With the smallest range of motion amplitudes and 

maximum acceleration, trajectory P5 incurred the lowest maximum absolute error, MAE, and 

MSE. The effects of the same characteristics on the other patients are inconclusive since the 

trajectories are associated with other confounding traits (e.g., irregular frequencies). Although 

the prediction performance of trajectory P3 shows that our model is robust against random deep 
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breaths, an anomaly detection mechanism could be incorporated to either adapt the method of 

prediction or to provide weightings that are associated with the level of uncertainty in the 

predicted results. A larger treatment margin could potentially be used to compensate for the 

uncertainty in the predicted tumor position. The impact of the other characteristics of the 

trajectory such as the trend, stationarity, autocorrelation function and seasonality [5, 38] on the 

prediction performance of this model will be studied in future work. In the current work, the 

prediction horizon was fixed at five EPID image samples (665 ms). This is in between the range 

of latencies (50 ms to 1400 ms) observed in some image-guided adaptive radiotherapy systems 

[35]. It is well-known that prediction accuracy deteriorates as the prediction horizon increases 

[35]. 

The ability for the neural network to generalize and predict on unseen data is crucial in ensuring 

that the model does not memorize the training pattern. By partitioning the data into training, 

validation and testing datasets, it ensures that predictions were made on unseen data partitioned 

under the test set. In addition, using the tumor trajectory of patient 8 as a leave-one-out sample 

for cross-validation, the results show that our models can generalized and be used to predict on 

unseen data. Instead of using random initial weights for the training of different data batches, the 

use of inherited weights improves the prediction accuracy and computation time.  

6.4.2 Personalized vs. generalized model  

Although a personalized neural network has shown smaller error compared to a generalized 

model for patient 6 (figure 6.10), extra time and resources are needed to train and optimize 

different networks when applied to different patients. The generalized neural network model 

proposed in this work does not require separate optimization and synchronization; the only data 
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needed from the treatment delivery is the first period of the tumor trajectory. In addition, a 

shorter initial learning period was observed using the generalized neural network model 

proposed this study. Although potential errors could arise in adapting the generalized network for 

specific patients, errors could exist in synchronizing and adapting the individualized neural 

network to the tumor motions observed in subsequent treatment fractions. In addition to some of 

the published work that compares the performance between a generalized and a specialized 

neural network [39, 40], the difference in performance as well as the pros and cons of using a 

personal vs. a generalized neural network designed using our approach should be further 

examined in future work. In addition, trajectories can be classified into different groups 

according to the characteristics of the trajectories described earlier. A group-based neural 

network could then be used to predict tumor trajectories having the same characteristics. 

6.4.3 Impact of prediction accuracy on treatment outcome 

It has been shown that using a tumor tracking method with an error of 0.9 ± 0.5 mm (tracking 

and prediction applied), a reduction of gamma failure rate (dose difference at 3%/ 3mm) from 

22.5% to 0.2% was still achieved in a DMLC system [34]. The benefits of prediction and 

tracking in IGRT will outweigh the prediction errors observed. Underexposure of the tumor and 

over exposure of the surrounding tissues due to the lag between the beam and the tumor position 

can be prevented [34, 41]. Since safety concerns are paramount in radiotherapy, gating and 

termination of treatments in progress are possible options when a large prediction error is 

encountered.  
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6.4.4 Comparison of performance with other neural network models 

With an average RMSE of 0.83mm for a prediction horizon of 665 ms, our results are within the 

same range of accuracies compared to a RMSE of 1.2 ± 0.9 mm for a system latency of 600 ms 

[35], 0.97 mm for a latency of 400 ms [42] and 0.9 mm for system latency of 520 ms [43]. Our 

results are also within the range of accuracies when compared with the extensive list of 

prediction studies surveyed in [44].  

The average duration of the initial learning periods, i.e., the time taken prior to making the first 

prediction, is 8.8 s for the seven trajectories. This is shorter than 12 s [45], 25 s [4], 31s [46] and 

40 s [47] reported previously. The generalized input data length of 35 samples (i.e., 4.66 s), is 

within the range of input data length (3 – 7.7 s) used in the other studies [4, 47-49]. In this study, 

an average of 29 input-output data pairs was used for each training batch (i.e., sliding window 

length). This is smaller than the number of data pairs required in the other studies that uses the 

same amount of training epochs (i.e., 800 per batch) for a static neural network [50]. 

As with any data-driven approach, our proposed method of using the average MSE error surface 

of different patients’ tumor trajectories to obtain an optimal value for the two variables (i.e., 

input data size and number of hidden neurons) requires more data samples to validate the model 

design. In the present work seven trajectories, each with approximately 60 s of data sampled at 

an interval of 0.133 s, provided a total of 5000 data samples for this study. Additional data with 

diverse motion patterns are required to yield a more robust generalized neural network and to 

further validate our approach. The sensitivities of the parameters with respect to the calculated 

errors would require further study. With irregular tumor trajectories, an ensemble of neural 

networks can be used to predict the mean and uncertainty of the predicted tumor positions. The 
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uncertainties could potentially be factored into the design of margins for adaptive radiotherapy 

treatments.  

6.5 Conclusions 

Based on current published literature, this work presents the first attempt to use the averaged 

MSE error surface obtained from the prediction of different patients’ tumor trajectories to 

determine the parameters of a generalized neural network. Adhering to the design rule of model 

parsimony, an input data length of 35 data samples and 20 hidden neurons were selected for the 

generalized model. Using the 1
st
 period of the tumor trajectory as a sliding window length, a 

systematic approach of establishing the values for the parameters of a MLP neural network has 

been demonstrated for the prediction of tumor motion. Instead of initializing the weights for 

every training batch (method 1), inheriting weights from previous training (method 2) improves 

the prediction accuracy and computation time on average. Average MAE and MSE of 0.59 mm 

and 0.83 mm are achieved with the model trained using method 2. The prediction performance 

on the leave-one-out data sample indicates that the model is able to generalize when tested on 

unseen data. By using the generalized model with the 1
st
 period of the tumor trajectory as the 

sliding window data length, the initial training period prior to making the first prediction was 

reduced to an average of 8.8 s. This is the shortest waiting time compared to the other previous 

studies. This neural network model could potentially be deployed as a plug-and-play model for 

prediction of tumor trajectory during treatment delivery, eliminating the need for optimizing 

individual neural networks with pre-treatment data of patients.  
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Chapter 7  Conclusions of Dissertation  

 

7.1 Restatement of Hypothesis 

Based on previous studies examining the current status and challenges associated with image-

guided adaptive radiotherapy system, it is hypothesized that:  

i. by using a computer/robotic vision approach such as the optical flow algorithm, the 

motion of an uncontoured tumor can be tracked automatically with an accuracy of 0.5 

mm [1, 2] in order to adapt treatment delivery;  

ii. motions and intrusions of critical structure at the edges of the treatment field can be 

detected and tracked automatically; 

iii. system latencies of typical radiotherapy systems can be compensated with a 

prediction model that is efficient and accurate compared to existing techniques 

available for tumor motion prediction [3-10].  

7.2 Conclusions 

This dissertation sought to examine some of the issues and challenges pertaining to the 

realization of image-guided adaptive radiotherapy. Solutions and proof-of-concept studies were 

implemented to track the tumor and its surrounding structures, to predict and update the 

treatment aperture. The conclusions that can be drawn from this dissertation are as follows: 

1) Uncontoured tumor motions can be tracked with a weighted optical flow algorithm. 

By comparing the tracking of our algorithm with a potentiometer measurement, average 

position errors of 0.6 ± 0.2 mm, 0.2 ± 0.2 mm and 0.1 ± 0.1 mm are obtained for 6, 12 
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and 16 breaths/min motions, respectively. Evaluation was performed with a phantom 

tumor programmed to move according to an asymmetrical cosine function representing 

average clinical tumor motion.  When the algorithm was used to track a tumor on patient 

DRR images, the tracking performance of our algorithm was statistically similar to that of 

both a manual delineation process and a centroid tracking algorithm. Although the 

accuracy of our approach is similar to that of other methods, the benefit is that it does not 

require manual delineation of the target or prior knowledge of the tumor features from a 

training data set and can, therefore, provide automatic motion estimation during 

treatment.  

 

2) INI method which uses the initial BEV as a fixed reference image is the least prone 

to accumulation of position errors. Using a virtual DMLC and a printed 3D tumor as a 

control for this study, the performance of three implementations of the optical flow 

algorithm were compared. Results demonstrated the accumulation of position errors 

during the tracking of target that moves with realistic tumor motions and on MV EPID 

images. The INI method which uses the initial BEV as a fixed reference image is the least 

prone to accumulation of position errors. This is followed by the SEQ method (updates 

the reference image sequentially), and the PERD method (updates the reference image 

periodically). The accumulation of position errors was due to (1) isolated, (2) 

accumulation of small inter-frame displacement errors in a similar direction. Potential 

causes for the inter-displacement errors are (1) motions that are smaller than the image or 

tracking resolution and (2) under-estimation of high displacements, a common limitation 

of algorithms that are optimized prior to online tracking. Tracking accuracies of -0.06 ± 

0.23 mm, 0.04 ± 0.35 mm and -0.14 ± 0.63 mm and precisions of 0.32 mm, 0.68 mm and 



219 

 

0.79 mm for the INI, SEQ and PERD methods were achieved, respectively (position 

errors of INI < SEQ < PERD). 

 

3) Motions and intrusions of a critical structure at the edge of the treatment field can 

be detected and tracked using local optical flow analysis with an adaptive field edge. 

Through the use of (i) an optimized optical flow algorithm with a 3-by-3 pixel 

regularization, (ii) an optimal cluster of 9 rows by 10 columns of local vectors (resulting 

in the smallest position errors) and (iii) a control algorithm with one-frame prediction and 

buffers incorporated, the feasibility to adapt MLC leaves based on the motions tracked at 

the edges of a treatment field have been successfully demonstrated.  A mean positional 

error of -0.4 ± 0.3 mm and a precision of 1.06 mm were obtained for tracking an external 

object intruding with motions similar to the tumor trajectory of five lung cancer patients. 

A strong correlation between the computed position of the OAR and the motion of the 

MLC leaves was achieved. The results provide motivation to combine global adaptation 

of the treatment field (due to the motion of the main target) with local adjustments at the 

edges to account for unplanned intrusions. 

 

4) A generalized neural network can be used to predict tumor motion with 

performance comparable to, if not better than, previously proposed solutions.  

This is the first attempt to use the average MSE error surface obtained from the 

prediction of different patients’ tumor trajectories to determine the parameters of a 

generalized neural network. With an average RMSE of 0.83 mm for a prediction horizon 

of 665 ms, the results of this study are within the same range of accuracies compared 

with other studies. The average duration of the initial learning period is 8.8 s for the 
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seven patients. This is the shortest compared to 12 s [7], 25 s [8], 31s [10] and 40 s [9] 

reported previously. The input data length of 35 samples (4.66 s), is within the range of 

input data length (3 – 7.7 s) used in other studies [3, 8, 9, 11, 12]. Similar to other studies, 

the prediction performance is sensitive to irregularities in the frequency of the tumor 

trajectory. For safety reasons, treatment could be terminated or gated when the MAE 

exceeds a certain threshold. Inheriting weights from previous training improves the 

average prediction accuracy and computation time. Without the need to either optimize 

for individual patients or to assess pre-treatment data, coupled with a reduction in the 

initial learning period, the neural network can potentially be used as a plug-and-play 

predictor for tumor motions. This would allow adaptation of treatment to commence 

earlier.  

In summary, the results from these proof-of-concept studies support the hypotheses of this thesis. 

It is envisioned that the work developed here will contribute positively towards the advancement 

of image guided adaptive radiotherapy.  

7. 3 Future Work 

The current work sets the stage for further verification with realistic patient data.  This includes 

clinical images of tumor and critical structures. More specifically, the following topics await 

further work and development: 

 On tracking uncontoured tumor using weighted optical flow algorithm, although the 

tracking accuracy on MV images with different CNR have been studied, and patient DRR 

images have been used to evaluate the tracking accuracy, the inherent low contrast of MV 

images could potentially pose a challenge to the weighted optical flow tracking 
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algorithm. It would be desirable to further validate these results with clinical MV images 

having different image qualities. It is envisioned that a refinement of the algorithm could 

be applied to offset any limitations. With arc therapy, motions due to gantry rotation 

could result in an apparent motion of the background anatomical structures in addition to 

the tumor motion. However, since gantry rotation can be quantified, the ability to 

discriminate optical vectors associated with such rotation can be incorporated into the 

tracking algorithm. Further testing would be required. To reduce computation time, 

parallel computation could be used to obtain the vectors at different image resolution 

levels. For the current work, rigid body translations are assumed. The performance of the 

algorithm could be evaluated for non-rigid body motions.  

 

 In the comparison of the three different implementations of the optical flow algorithm 

(chapter 4), additional errors were incurred when determining and updating the reference 

at the EoE. In the current implementation, a moving window of five data points was used, 

and the EoE would be detected when the slope of the velocity and acceleration derived 

from the first two images are different from the subsequent three data points. This implies 

that any update of the new reference image will only happen two frames after EoE. This 

update could potentially introduce errors when the adjustment occurs at higher velocities, 

causing abrupt changes in the inter-frame displacement as observed in our results. Since a 

prediction algorithm would be employed in practice to compensate for system latency, 

the EoE could be predicted in advance, and the update of reference image could occur 

exactly at the EoE of each breathing cycle. Like most studies that use cine mode to 

acquire EPID images, the memory limitation of the Varian Clinac used for this work 

limits the maximum number of high-resolution images that can be acquired to about 200 
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[13, 14]. With a frame rate of 7.5 frame/s, this amounts to about 27 s of treatment time, 

which is short compared to typical treatment time of around 4 min for SBRT. In view of 

the possible accumulation of position errors, proposed algorithms should be validated 

over an extended period of time. With the virtual DMLC developed herein, system 

latencies can be simulated, and accuracies of the tracking and prediction modules can be 

tested. Although data for seven patients with diverse motion characteristics was used in 

this study, further studies using a larger data size with diverse tumor shapes, 

deformations, motions and image quality are required to confirm our preliminary 

observations.  

 

 The study on motion detection at the field edges has demonstrated the capability of the 

algorithm in tracking rigid-body intrusions with different motion profiles through the use 

of data of five patients. A simplified rectangular treatment field bounded by MLC leaves 

on a straight edge was used for the simulation. The next logical step would be to track 

both the global motion of the main target and intrusions at the edges of a clinical BEV 

instead of the simulated rectangular field. This would require the monitoring and 

adaptation of all the individual leaves that conform to the target. Since the local 

adaptations could introduce deviations to the treatment delivery compared to the 

treatment plans, its dosimetric impact, and treatment outcome of adaptively shielding the 

OAR would require further detailed studies. The current approach uses local optical flow 

vectors, to detect and discriminate motions at the edges (due to an intruding object) from 

the main target motion. Feature-based learning approaches can be incorporated to 

augment the segregation of the vectors in cases where multiple structures are observed in 

a treatment field. Traditional approaches of feature learning consist of two parts, a feature 
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detector such as the Scale Invariant Feature Transform (SIFT) detector and a classifier 

such as the support vector machine. This could further be extended to a deep learning 

approach where both tasks (detection and classification) can be accomplished 

simultaneously.  

 

 Despite using doses of < 20 Gy per fraction for tumors in the central lung region of 2-

cmperimeter around the proximal bronchial tree (PBT), fatal complications such as 

bronchial necrosis and stricture, and fatal hemoptysis have been reported for SBRT 

treatments [15]. The critical structures for lung tumors includes the spinal cord, 

esophagus, ipsilateral brachial plexus, heart, trachea and ipsilateral main bronchus, right 

and left lung. Mean (with 1 std. dev.) esophagus motion of 3.5(1.8), 4.0(2.6) and 8.3(3.8) 

mm has been observed in the lateral, anterior-posterior and superior-inferior directions 

respectively [16]. Mean spinal cord motion of up to 3 mm has been reported [17]. Mean 

variations (over an average respiratory cycle) of 3 mm (range 1-10 mm) and 2 mm (1-5 

mm) in the distance between the GTV and both esophagus and spinal cord have been 

observed in the transverse plane respectively [18]. Patients with tumors that are near (< 1 

cm) to the proximal bronchial tree (PBT) are reported to be more likely to incur > Grade 

3 toxicities than those with tumors > 1cm from the PBT [15].  The ability to detect and 

avoid these critical structures during treatment delivery is desirable. The dosimetric 

impact of avoiding these critical structures would depend on a variety of factors. These 

factors include the treatment technique, duration of exposure of the critical structure, the 

tolerance of the structures to radiation, and both the position and relative motion of the 

critical structure with the GTV. The dosimetric impact of OAR avoidance will be studied 

in future work. 
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On predicting tumor motion, as with any data-driven approach, our method of using the 

average prediction response from different patients to design a generalized network needs 

more patient data to validate. In the present work, tumor trajectories from seven patients 

provided a total of 5000 positional data samples for our study. Additional data with 

diverse motion patterns is required to yield a more robust generalized neural network, and 

to further validate our approach. The sensitivities of the parameters with respect to the 

errors would require further study. Although a multilayer perceptron network with 

backpropagation learning has been used for our neural network, other network topologies 

such as the recurrent network and radial basis function network can be compared for 

performance improvement. With irregular tumor trajectories, an ensemble of neural 

networks can be used to predict the mean and uncertainty of the predicted tumor 

positions. This could potentially be factored into the design of margins for adaptive 

radiotherapy treatments. Current prediction is performed for a horizon of 665 ms, which 

is within the range of 50 ms to 1400 ms reported for some of the practical systems [3]. 

Testing for longer prediction horizons would be performed in the future. 
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Appendix A : Using Mathematical Induction to Formulate the Equations for the Position of 

Aperture and Targets 

In the first method (INI), direct registration with an initial reference frame was performed for 

every image (figure 4.1). The optical flow algorithm was applied to determine the inter-frame 

displacements between all images with the initial image. Following the method of induction, the 

initial position of the aperture 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(1) and target 𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡(1) are given in equations 

(A.1) and (A.2). This assumes that the target was positioned at the isocenter verified by the setup 

procedure. Without prior motion information, the position of the aperture in the second image 

frame 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(2) is given by equation (A.3): 

Initial Conditions: 

𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(1) = 0    (A.1) 

𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡(1) = 0    (A.2) 

𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(2) = 0    (A.3) 

Applying tracking between the first and second image provides the displacement of the target 

given by the optical flow vector 𝑂𝐹𝐷𝐼𝑅(1):  

Subsequent Motion Tracking: 

𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡(2) = 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(2) + 𝑂𝐹𝐼𝑁𝐼(1) = 0 +𝑂𝐹𝐼𝑁𝐼(1) = 𝑂𝐹𝐼𝑁𝐼(1)     (A.4) 

where 𝑂𝐹𝐼𝑁𝐼(1) = OF (IM(1), IM (2)), is the weighted average value of the optical flow vectors 

obtained between IM(1) and IM(2). 
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To maintain tracking of the object, the aperture position 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(3) in the subsequent image 

IM(3) was updated following the object motion 𝑂𝐹𝐼𝑁𝐼(1). The position of the target in that 

aperture would then be given respectively by: 

𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒 (3) = 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒 (2) + 𝑂𝐹𝐼𝑁𝐼(1)         

                    = 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒 (1) + 𝑂𝐹𝐼𝑁𝐼 (1) 

(A.5) 

    𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡 (3) = 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒 (3) + 𝑂𝐹𝐼𝑁𝐼(2)          

                                 = [𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒 (2) + 𝑂𝐹𝐼𝑁𝐼 (1)] + 𝑂𝐹𝐼𝑁𝐼 (2)          

                                  = [𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒 (1) + 𝑂𝐹𝐼𝑁𝐼 (1)] + 𝑂𝐹𝐼𝑁𝐼 (2)   

(A.6) 

where 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(1) and 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(2) are defined in equations. (S1) and (S3) respectively. 

Similarly, the position of the aperture in the fourth image frame 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(4) was obtained by 

updating its position from image IM (3) with the computed motion given by 𝑂𝐹𝐼𝑁𝐼(2) and the 

target  

        𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(4)=𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(3)+𝑂𝐹𝐼𝑁𝐼(2) 

                                                          = [𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(1) + 𝑂𝐹𝐼𝑁𝐼(1)] + 𝑂𝐹𝐼𝑁𝐼(2) 

(A.7) 

Position determined by 𝑂𝐹𝐼𝑁𝐼(3): 

      𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(4) = 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(3) + 𝑂𝐹𝐼𝑁𝐼(2) 

                             = [𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(1) + 𝑂𝐹𝐼𝑁𝐼(1)] + 𝑂𝐹𝐼𝑁𝐼(2) 

(A.8) 

                                    𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡(4) = 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(4) + 𝑂𝐹𝐼𝑁𝐼(3)  

                            = [𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(2) + 𝑂𝐹𝐼𝑁𝐼(2) + 𝑂𝐹𝐼𝑁𝐼(1)] +𝑂𝐹𝐼𝑁𝐼(3)

                            = 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(1) + 𝑂𝐹𝐼𝑁𝐼(1) + 𝑂𝐹𝐼𝑁𝐼(2) + 𝑂𝐹𝐼𝑁𝐼(3) 

(A.9) 
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For i
th

 image (i.e. IM(i)), the generalized representation of the position of the aperture and target 

can be written as: 

For i
th 

image frame: 

   𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(𝑖) =  𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(1) + ∑ 𝑂𝐹𝐼𝑁𝐼(𝑖 − 2)

𝑛

𝑖

; 𝑖 > 3                          (A.10) 

𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡(𝑖) =  𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(1) + ∑ 𝑂𝐹𝐼𝑁𝐼 (𝑖 − 1)

𝑛

𝑖

;         𝑖 > 2 
 

(A.11) 

where 𝑂𝐹𝐼𝑁𝐼(𝑖) = 𝑂𝐹( 𝐼𝑀(1), 𝐼𝑀(𝑖 + 1) ) was obtained by computing the optical flow of image 

𝐼𝑀 (i+1) with the reference image frame IM(1). Letting 𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(1) =  𝑃0: 

𝑃𝑜𝑠𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒(𝑖) =  {

                            𝑃0                             𝑖 = 1,2    

𝑃0 + ∑ 𝑂𝐹𝐼𝑁𝐼(𝑖 − 2)

𝑛

𝑖

;               𝑖 ≥ 3
 

 

(A.12) 

𝑃𝑜𝑠𝑡𝑎𝑟𝑔𝑒𝑡(𝑖) =  𝑃0 + ∑ 𝑂𝐹𝐼𝑁𝐼(𝑖 − 1)

𝑛

𝑖

;                  𝑖 ≥ 2 
 

(A.13) 

Following the motion detected using the INI method, the generalized expression for the position 

of the aperture and target at 𝐼𝑀 image (i) are provided by equations (A.11) and (A.12) 

respectively, which are similar to equations (4.1) and (4.2) shown in Chapter 4. A similar 

approach was used to formulate the expressions for the other two methods, i.e. SEQ and PERD 

methods. 
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Appendix B : Determination of the Optical Flow Vector from a Common Region of Two 

Image Frames Having Different Sizes as a Result of Treatment Field Adaptation  

This section provides the details of obtaining the local motion at the edges of a treatment 

field. The adaptation of the MLC leaves and the sampling region on the two image frames for a 

single-axis SI motion detected at the edge can be expressed mathematically by letting IM be a 

treatment image with a pixel in that image defined as IMk (𝑟(𝑘)i, 𝑐(𝑘)j), where r and c are the 

row and columns with index (i, j) respectively and k being the index of the image sequence. A 

common region S of image IMk and IMk+1 is defined as 

S  (IMk  IM k+1)      (B.1) 

Assuming that the MLC leaves are oriented in the same direction as the tumor motion, and these 

leaves are perpendicular to the rows of the image matrix, the size of the intersecting region, 

defined by the rows of pixels (r1…rn) common in both images (refer to figure B.(1)), will vary 

according to the displacement of the MLC: 

𝑆 =  

 {
𝐼𝑀𝑘 (𝑟(𝑘 + 1) 𝑖=1…𝑛, 𝑐(𝑘 + 1) 𝑗) ∩ 𝐼𝑀𝑘+1 (𝑟(𝑘 + 1) 𝑖=1…𝑛, 𝑐(𝑘 + 1) 𝑗);   𝑀𝐿𝐶𝑑𝑖𝑠𝑝(𝑘 + 1)  0

𝐼𝑀𝑘 (𝑟(𝑘) 𝑖=1…𝑛, 𝑐(𝑘) 𝑗) ∩ 𝐼𝑀𝑘+1 (𝑟(𝑘) 𝑖=1…𝑛, 𝑐(𝑘) 𝑗);   𝑀𝐿𝐶𝑑𝑖𝑠𝑝 (𝑘 + 1) 0
 

          (B.2) 

A set of optical flow vectors OF is derived from the region S.  

S(ri=1…n ,cj) ├ OF(ri=1…n ,cj)      (B.3) 

(“├” is the mathematical symbol for inference, i.e. ‘is derived from’). To determine the motion 

at the edge, a subset 𝑂𝐹𝐿̂ of the optical flow map are sampled with m rows of pixels from the 

edge 
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𝑂𝐹𝐿̂= OF (ri=(offset +1)…m ,cj)     (B.4) 

where offset + 1 < m < n, and offset is the number of rows of empty vectors at the edges of the 

optical flow map due to the regularization employed in the optical flow computation. The mean 

value of the optical flow vectors sampled from this cluster 𝑂𝐹𝐿̂ will be used to determine the 

motion at the edge. A similar approach of deriving a common region on two images for motion 

computation can be applied when the MLC leaves are perpendicular to the columns of the image 

matrix. 

 

Figure B.1: (a) The common region between the two consecutive images IMk and IMk+1 is 

limited by r(k)1 of IMk when the MLC is extending beyond its previous position following the 

leaving of the OAR from the irradiated field. Hence, the computation and sampling of the optical 

flow vectors at the edges are determined by the MLC edge in the previous image frame. Figure 

B.1(b) The common region between the two consecutive images is limited by r(k+1)1 of IMk+1 

when the MLC is moving in the same direction as the OAR intruding into the irradiated field. 

Hence, the computation and sampling of the optical flow map would be bounded by the newly 

adjusted MLC edge as opposed to the previous MLC position. 

(b) 
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Appendix C : Detection and Tracking of Multiple Targets on Portal Images during 

Radiation Therapy using Feature-Based Learning and an Optical Flow Algorithm 

This section presents the preliminary work done in using a feature-based learning approach, 

coupled with the optical flow algorithm, to detect and track a tumor and an intruding structure in 

a simulated beam’s eye field.  

Abstract   

To adapt for motions observed in radiation treatment images, an algorithm was implemented to 

track the main tumor target motion and to detect intruding objects at the edges of a treatment 

field. With the use of a Support Vector Machine (SVM) algorithm, intrusion of targets was 

learned and recognized from a training dataset. Based on the numbers of objects predicted from 

the classifier, the k-means algorithm was used to cluster the optical flow motion vectors. The 

mean velocity for the main target and intruding object were calculated independently. 

C.1  Introduction  

With the rise of high-dose radiation treatment over a small number of fractions, the ability to 

detect an unplanned intrusion of critical structures into the beam’s eye view (BEV) during 

treatment delivery is desirable. This section investigates the feasibility of detecting and tracking 

multiple targets from megavoltage (MV) photon images acquired with an electronic portal 

imaging device (EPID). In addition to tracking the main target, intrusions into the BEV will be 

detected and tracked using a feature-based learning and a weighted optical flow algorithm [1]. 
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C.2 Materials & Methods 

C.2.1 Learning and detecting multiple objects 

MV EPID images of a 3D printed lung tumor were acquired. The printed tumor was attached to 

an actuator and programmed to move according to (i) the lung tumor motions of five patients and 

(ii) a mathematical function representing an average tumor motion. Image processing was 

performed to simulate the intrusion of external structures into the BEV with a motion that is 

similar in magnitude but in an opposite direction to the main target. A “bag-of-words” 

representation of images was created and used to recognize two object classes – a tumor (1 

object) and a tumor with an intruding organ (2 objects). Four major steps were involved (figure 

C.1): (1) A Scale-Invariant Feature Transform (SIFT) algorithm [2] was used to extract the 

features. (2) A visual vocabulary was constructed, and (3) each image was converted into a 

histogram with frequencies of each visual vocabulary. (4) Histograms and labels were fed into an 

SVM model. In this study, the number of clusters (k) was limited to either 1 or 2.  

C.2.2 Computation and clustering of motion vectors 

A multi-resolution optical flow method was used to compute the motion vectors between images 

[4]. Using unsupervised learning, motion vectors obtained were grouped into k clusters where k 

is the number of objects detected from the SVM classification. The mean displacement and 

location of the respective clusters representing the tumor and intruding organ motion were 

determined.  

 



234 

 

 

Figure C.1 : SIFT feature-based learning to detect the presence of multiple targets (e.g. main 

tumor target and an intruding OAR) in the MV EPID images. 

 

C.3 Results 

By using the image sequence from patient #1 for training images, an average recognition rate of 

93.6% is obtained from the testing images of Patients #2 - #5 (table C.1). A 100% recognition 

rate was also obtained when detecting an object moving with the average tumor motion function. 

Figure C.2(a) shows an example of the optical flow map while figure C.2(b) and figure C.2(c) 

plots the inter-frame displacement for the main target and intruding structure moving with the 

same mathematical function respectively. A mean inter-frame difference of 0.2 pixels/frame (0.3 
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mm/s) is obtained between the two motions. This is within the accuracy of 0.4 ± 0.3 mm/s 

reported previously for tracking the main target [1]. 

Table C.1 Recognition rate using image sequence from Patient 1 for training. Testing is 

performed on the image sequence for the other patients. 

 
Patient # of success # of error # of total Recognition Rate 

Training 1 211 0 211 100% 

Testing 

2 186 25 211 88.2% 

3 202 9 211 95.7% 

4 204 7 211 96.7% 

5 198 13 211 93.8% 

 

 

 

 

Figure C.2 : (a) An example of the optical flow vector map showing the motion of the main 

target and an intruding structure, the estimated mean velocity of the (b) main target and (c) 

intruding structure, simulated to move with the same magnitude but in the opposite direction to 

each other. 
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C.4  Conclusions 

The ability to detect the presence of a main target and an intruding structure was established with 

a feature-based learning approach. Based on the number of objects detected, clustering was 

performed on the vectors, and the average value of each cluster provides a good estimation of the 

respective motion of the two structures. 
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