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SUMMARY 

 

 

 Hadrontherapy, or charged particle beam therapy, is an emerging technique in the field of 

radiotherapy for the treatment of cancer pathologies. The use of charged particles, such as protons 

or carbon ions, offers several physical and radiobiological advantages with respect to conventional 

radiotherapy with photons. The favourable depth-dose profile of particle beams, which release most 

of their energy in a confined volume at a specific penetration depth, provides a higher spatial 

selectivity to the tumour, as well as a greater sparing of the healthy surrounding tissues. Dose 

conformity to the target volume can be further improved with the advanced techniques of dynamic 

dose delivery, based on the active scanning of charged particle beams through steering magnets. 

However, due to the steeper dose gradients of hadrontherapy treatments, tumour-beam 

misalignments may result in more severe damages to the irradiated structures, causing unacceptable 

under-dosage of the target volume and over-dosage of the nearby organs at risk. In addition, active 

beam scanning techniques feature a high sensitivity to intra-fraction tumour motion, caused by 

physiological organ movements in the thoraco-abdominal sites mainly due to breathing. For these 

reasons, only tumours with a negligible intra-fraction motion, like head and neck cancers, have been 

treated with active scanning particle therapy up to now. The opportunity to extend these 

advantageous techniques to the treatment of extra-cranial moving tumours necessarily requires the 

application of adequate strategies for dynamic target localization and for organ motion 

compensation. 

 Methods for localizing thoracic and abdominal lesions affected by respiratory motion can be 

generally categorized as direct or indirect tumour tracking. Direct tracking techniques rely on the 

imaging of the lesion or of implanted clips by means of in-room X-ray imaging systems, such as 

digital radiography, fluoroscopy or rotational Cone-Beam Computed Tomography (CBCT). The 

invasivity of this approach, related to the use of ionizing radiation and to the possible clinical 

complications induced by clip implantation, restricts its applicability to a limited temporal window 

of the treatment session. Indirect tracking methods infer target motion from external respiratory 

surrogates, such as the thoraco-abdominal surface displacement. Non-invasive optical localization 

devices can be applied to acquire breathing surface motion, by reconstructing the trajectory of 
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passive markers placed on the patient's skin or through markerless scanning of the entire surface. 

The non-invasivity of this approach allows a continuous monitoring of intra-fraction organ motion 

during the whole treatment course. However, the use of respiratory surrogates entails the definition 

of appropriate external-internal correlation models to estimate target position from surface 

displacement, requiring frequent verification and on-line adaptation of the correlation parameters to 

encompass intra-fraction breathing irregularities.  

 Different methods have been proposed to compensate for the geometric uncertainties that 

result from respiratory motion, based on the information derived from direct or indirect tumour 

localization techniques. A motion-compensated irradiation approach is breath-hold immobilization, 

consisting in the delivery of the treatment dose while the patient holds his breath at specific 

inspiratory volumes. Appropriate methodologies need to be applied to verify the stability and 

reproducibility of breath-hold maneuvers repeated intra and inter-fractionally. In the respiratory 

gating approach, the radiation beam is activated only during a limited phase interval of the 

breathing cycle, involving long treatment duration and a residual tumour motion within the gating 

window. The most efficient motion compensation strategy for accurate dose delivery with 

continuous irradiation in free-breathing conditions is real-time tumour targeting, based on the 

dynamic repositioning of the radiation beam according to the instantaneous target position. Motion-

correlated dose delivery approaches make use of time-resolved imaging for treatment planning, 

such as 4D Computed Tomography (4D CT), providing information on tumour motion patterns 

during each phase of the breathing cycle. 

 The aim of this PhD project concerns the development and testing of surface-based tumour 

tracking methods for the compensation of intra-fraction organ motion, with application for real-time 

tumour targeting in active scanning particle treatments of extra-cranial lesions. The proposed 

approach is based on the non-invasive estimation of target position from the displacement of the 

thoraco-abdominal surface, by using patient-specific external-internal correlation models. The 

method relies on the integration of different imaging modalities, such as planning 4D CT, in-room 

X-ray imaging systems and three-dimensional (3D) optical devices for dynamic surface scanning. 

The correlation between external and internal breathing motion is derived directly from 4D CT 

images acquired during treatment planning. The anatomical information in the CT volumes 

associated to each respiratory phase provides a patient-specific model describing the 3D lesion 

movement during the breathing cycle. The 4D CT motion model is parameterized as a function of 

three main parameters, represented by the respiratory baseline, amplitude and phase. During each 

treatment session, the model's parameters are retrieved from the motion of the patient's thoraco-

abdominal surface, dynamically acquired using non-invasive optical tracking systems. A surrogate 
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respiratory signal is extracted from the external surface displacement and modelled to derive the 

instantaneous values of amplitude and phase variables. To take into account possible inter-fraction 

anatomical variations that may occur between planning and treatment time, the tumour baseline in 

the 4D CT model is updated according to the daily information on target localization derived from 

in-room cone-beam CT imaging. The combination of the adapted 4D CT motion model with the 

breathing parameters extracted from the external surface motion provides the non-invasive 

estimation of the internal tumour trajectory along the three spatial directions during the whole 

treatment course.  

 The extraction of a surrogate breathing signal from the external thoraco-abdominal surface 

acquired with an optical imaging system requires different implementation steps. Markerless optical 

surface detection suffers from the lack of surface point correspondence between consecutive 

meshes. We proposed to apply deformable mesh registration to extract the multi-dimensional 

breathing motion of correspondent surface points, taking into account the deformation of the 

thoraco-abdominal surface induced by respiration. The developed deformable mesh registration 

approach is a non-rigid extension of the Iterative Closest Point (ICP) algorithm, based on a locally 

affine regularization. The general cost function is composed by a distance term, minimizing the 

distance between the deformed source and the target surface, and a regularization term, penalizing 

the difference among the transformations of neighbouring vertices. The proposed mesh registration 

algorithm was assessed in a group of 5 male healthy volunteers, by pair-wise registering the 

thoraco-abdominal surfaces optically acquired at three different respiratory phases. The method 

accuracy was quantified in terms of residual surface distance between each point of the deformed 

source mesh and the closest point on the corresponding target surface. We also estimated the 

registration error based on the known position of multiple surface control landmarks, represented by 

ten star-shaped markers placed on the thorax and abdomen of the subjects. The 95
th

 percentile of the 

residual surface distance after deformable registration did not exceed 1.2 mm, whereas the median 

errors on marker localization ranged between 1.0 and 2.3 mm. The motion tracking accuracy proved 

to be maximal in the abdominal region, where breathing motion mostly occurs, with median errors 

of 1.1 mm over all subjects.  

 We investigated and compared different approaches for summarizing the breathing 

trajectories of all surface points in a single respiratory surrogate signal, including Principal 

Component Analysis (PCA), k-means clustering and Self-Organizing Map (SOM). The three 

synthesis techniques were tested on 5 healthy subjects, acquiring the displacement of passive 

markers placed on the thoraco-abdominal surface with an opto-electronic system, simultaneously 

with the non-invasive imaging of the diaphragm motion obtained with a markerized ultrasound 
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probe. The spatial variability of breathing surface movement was investigated by applying k-means 

algorithms, which allow to group marker trajectories according to their motion pattern. Two 

different cluster validity indices were evaluated to select the optimal number of clusters for surface 

markers. According to both Silhouette and Dunn indices, the external surface can be mainly 

partitioned in two distinct regions represented by the thorax and abdomen, usually featuring 

breathing motion with different amplitude and phase shift. For the PCA approach, the overall 

respiratory signal summarizing breathing information from all surface control points was obtained 

by combining the signals associated to the first two principal components as a function of their 

explained data variance. For k-means and SOM techniques, we averaged the signals associated to 

the first two clusters and to the first two neurons. The breathing signals obtained with the three 

methods of synthesis were compared to the ultrasound diaphragm displacement, representing an 

accurate and reproducible surrogate for lung tumour motion. The respiratory signals obtained with 

k-means clustering proved to be more correlated with the reference diaphragmatic variable, 

obtaining a median value of the Pearson coefficient of 0.93 and a root-mean-square error of 0.11 

between the normalized signals. 

 The estimation of the breathing amplitude and phase parameters to give in input to the 4D 

CT motion model requires the comparison of the external surface displacement acquired during 

planning and treatment phases, to take into account possible differences in respiratory motion 

patterns. The triangulated meshes corresponding to the thoraco-abdominal surfaces are extracted 

from each 4D CT phase image. The intersection between the surface portion scanned in the 

planning CT and the optical surfaces acquired during treatment is taken as the reference region of 

interest (ROI). For both 4D CT and optical surfaces, the 3D breathing trajectories for each surface 

point belonging to the selected ROI are estimated using the developed deformable registration 

algorithm. A mono-dimensional signal is derived for all ROI points, by computing the time series of 

the distance from the lowest position assumed by each point during the corresponding 4D CT scan 

or optical acquisition. K-means clustering is applied to summarize in a single respiratory surrogate 

signal the distance variables obtained for all ROI points. The breathing phase parameter associated 

to each frame of the optical surface acquisition is obtained by applying the Hilbert transform to the 

surrogate signal derived from the optical surfaces. The respiratory amplitude is instead 

parameterized according to a scaling factor computed as the difference between the amplitude of the 

optical surrogate signal and the amplitude of the 4D CT surface signal at the corresponding 

breathing phase. 

 The proposed patient-specific breathing motion model is built directly from the planning 4D 

CT volumes, by applying deformable image registration. The model relies on the computation of 
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the mid-position (MidP) CT image, representing a time-weighted average of all 4D CT phase 

volumes. The deformation vector fields between the MidP and each 4D CT phase image are 

estimated through B-spline deformable registration algorithms. Specific adaptation strategies are 

performed at each treatment fraction, in order to adapt the model parameters to the inter-fraction 

variations of the anatomo-pathological configuration and motion patterns. The daily information on 

tumour localization derived from the 3D CBCT image acquired before each treatment session is 

used to update the target baseline, featuring consistent differences from planning to treatment 

phases. Deformable registration is applied between the MidP CT and the CBCT volumes to 

generate an adapted baseline image. This image is mapped according to the deformation vector 

fields of the a priori 4D CT breathing motion model, thus obtaining the updated tumour positions at 

each phase of the breathing cycle. The 3D tumour coordinates associated to each frame of the 

optical surface acquisition are obtained by linearly interpolating the updated tumour positions of the 

4D CT motion model at the corresponding instantaneous value of the phase parameter. The vector 

difference between the interpolated lesion coordinates and the adapted baseline image is multiplied 

by the amplitude scaling factor, to amplify or reduce tumour breathing motion with respect to the 

planning CT scan. The described approach allows to obtain the target trajectory in the three spatial 

dimensions during the whole course of the treatment session. 

 The proposed tumour tracking method was experimentally tested on a clinical database, 

including the synchronized information on internal and external breathing motion acquired from 7 

lung cancer patients. Data collected for each patient include a planning 4D CT image set acquired 

with the Philips Brilliance CT scanner, providing ten phase-sorted volumes and the Maximum 

Intensity Projection (MIP) image. A cone-beam CT scan, consisting in about 650 X-ray projections 

of the internal anatomy acquired over 360° of gantry rotation, was collected for each patient using 

the Elekta Synergy system. The XVI software was used to reconstruct the 3D CBCT volumes from 

the two-dimensional (2D) cone-beam projections. The patient's thoraco-abdominal surface motion 

was acquired during the entire CBCT scan with the VisionRT optical imaging system. The 

VisionRT device employs non-invasive stereo-photogrammetric techniques to reconstruct the 3D 

topological model of the monitored surface. A speckle light-pattern is projected on the patient's skin 

and acquired by means of Charge-Coupled Device (CCD) cameras used for stereo-vision. The 

experimental testing of the developed tumour tracking technique is based on the comparison 

between the real lesion trajectories identified on cone-beam images and the target trajectories 

estimated from the external surface motion combined with the 4D CT breathing motion model.  

 An image-based approach was developed to synchronize CBCT and VisionRT data 

acquisitions, in order to retrieve the temporal correspondence between cone-beam projections and 
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optical surfaces. The proposed synchronization method is based on the tracking of the rotating 

CBCT flat-panel detector in the 2D images captured by the VisionRT stereo-cameras. The 

beginning of cone-beam CT scan is detected in the stereo-images by identifying the starting motion 

of the cone-beam CT panel, thus obtaining the temporal difference between CBCT and VisionRT 

acquisitions. A linear model was built to relate the position of the CBCT detector identified in the 

VisionRT photos with the projection angles associated to cone-beam images, which is correlated to 

the time elapsed from the beginning of cone-beam CT scan. Interpolation procedures were 

introduced to increase the temporal resolution of the developed synchronization technique, which 

allows to compute the relative starting time of CBCT with respect to VisionRT acquisition with 

millisecond resolution. The accuracy of the proposed image-based approach was evaluated on a 

moving phantom, placing a radiopaque marker on its flat moving surface. Eight simultaneous 

CBCT/VisionRT acquisitions of the phantom were performed, varying the frequency of its 

sinusoidal motion. The marker trajectory obtained from cone-beam projections was compared to the 

motion of the phantom surface derived from the VisionRT system. The median temporal difference 

between the zero-crossings of the two signals ranged between -8.1 and 19.5 msec, with a maximum 

inter-quartile range of about 70 msec.  

 The experimental testing of the proposed tumour tracking method required the identification 

of lung target position on cone-beam CT images. However, lung lesions often lack sufficient 

contrast in X-ray projection images and may be difficult to distinguish at particular rotation angles 

due to the superimposition of the surrounding high-intensity structures, such as the spine or the rib 

cage. We developed a novel automatic method for contrast enhancement and robust markerless 

tracking of lung tumours in X-ray images, exploiting the anatomical information derived from 4D 

CT planning volumes to increase target region visibility and reduce the overlapping effect of the 

nearby anatomy. The enhancement of lung lesion contrast is based on the subtraction between the 

original projection and the Digitally Reconstructed Radiograph (DRR) generated at the 

corresponding angle from the CT volume, in which lung regions including the tumour are masked. 

The tracking of lesion position on the contrast-enhanced images is obtained through template 

matching algorithms, using as reference template the corresponding projection of the tumour 

segmented in the planning CT image. The developed contrast enhancement technique was tested on 

the 650 cone-beam projections acquired for the 7 lung cancer patients of the database. The proposed 

method provided a 150% increase of the tumour contrast-to-noise ratio and a 24% increase of the 

rate of target identification with respect to conventional tracking methods without contrast 

enhancement. The errors in 3D target localization proved to be lower than 0.5 mm in all spatial 

directions.  
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 The accuracy of the developed surface-based tumour tracking method was evaluated on the 

synchronized CBCT/VisionRT scans of the 7 lung cancer patients included in the database. From 

about 20 to 35 seconds of acquisition were analyzed per patient, corresponding on average to 7 

breathing cycles. The real tumour trajectories identified on CBCT images were compared to the 

trajectories obtained by projecting the 3D lesion coordinates estimated from the synchronized 

optical surface acquisition with the 4D CT breathing motion model. The median differences 

between the real and estimated tumour trajectories ranged between 0.7 and 2.4 mm, with median 

values of 1.5 mm along both the horizontal and vertical image dimensions. The differences between 

the real and estimated respiratory parameters associated to the analyzed breathing cycles were 

computed for each patient. Median errors of the respiratory baseline and amplitude did not exceed 

2.2 and 2.6 mm, respectively. The median values of the measured phase shifts were lower than 7% 

of the cycle length, corresponding to a maximum of 170 msec of delay. 

 A novel surface-based approach for the real-time tracking of extra-cranial moving tumours 

was developed and investigated. The proposed method relies on the non-invasive optical acquisition 

of the external surface displacement and on patient-specific breathing motion models, which are 

estimated directly from 4D CT planning images and updated at each treatment fraction to 

compensate for inter-fraction variations. The developed technique was assessed on 7 lung cancer 

patients, obtaining tumour tracking errors lower than the safety margins normally applied for the 

treatment of moving lesions with conventional X-ray radiotherapy. Although the validation of the 

proposed approach requires the experimental testing on a wider patient population, the presented 

work is put forward as a feasibility study for the clinical applicability of the developed surface-

based tumour tracking method, providing a robust estimate of the achievable accuracy and 

geometrical uncertainties in dynamic target localization. The investigated technique is expected to 

represent an effective tool for the non-invasive compensation of intra-fraction organ motion, 

potentially allowing the extension of the advanced active scanning particle therapy techniques to the 

treatment of extra-cranial tumours.  
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PREFACE 

 

 

 The subject of this PhD thesis concerns the development and testing of real-time tumour 

tracking methods for the compensation of intra-fraction organ motion in hadrontherapy treatments 

of extra-cranial lesions. The work is part of the European project ULICE (Union of Light Ion 

Centres in Europe), under the work-package WP4 named "Ion therapy for intra-fraction moving 

targets". The WP activity aims at extending the advanced techniques of active particle beam 

scanning to the treatment of extra-cranial moving tumours, for a potential future application at the 

National Hadrontherapy Cancer Centre (CNAO, Pavia, Italy), the first Italian carbon-ion therapy 

facility. The research project was performed in collaboration with the Centre Léon Bérard (CLB, 

Lyon, France), where I spent the first six months of my PhD program. The stage period at CLB was 

focused on the acquisition of the patient database for the experimental testing of the proposed 

tumour tracking method. 

 The dissertation is divided into 4 chapters. The Introduction chapter describes the basic 

concept of particle therapy, focusing on different dose delivery systems. The problematic of organ 

motion for the treatment of extra-cranial lesions is discussed, mostly referring to lung cancers 

affected by breathing-related movements. A state-of-the-art review of the current strategies for the 

compensation of intra-fraction organ motion is reported, analyzing in particular the most effective 

approach of real-time tumour targeting based on direct or indirect target localization. Methods 

chapter presents an overview of the developed algorithms for the non-invasive prediction of the 

lesion motion from the displacement of the external thoraco-abdominal surface. The implementative 

steps for the extraction of the breathing parameters from the dynamic optical surface acquisition are 

described in details. The estimation of the patient-specific motion model from 4D CT planning 

images is also illustrated, along with the adopted strategy for the adaptation of model parameters to 

anatomical inter-fraction variations. In addition, Methods chapter describes the proposed approach 

for the evaluation of the developed tumour tracking method, based on the comparison between the 

real tumour trajectories obtained from cone-beam projections and the target trajectories estimated 

from the external surface combined with the 4D CT motion model. We present the collected lung 

cancer patient database, including synchronized acquisitions of CBCT images and surface motion 

captured with the VisionRT optical device. The proposed strategy for the synchronization of CBCT 
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and VisionRT systems is reported, along with the developed contrast enhancement technique for the 

identification of lung lesions on cone-beam projections. The third chapter is dedicated to the 

illustration of the results obtained from the experimental evaluation of the accuracy of the 

developed methods and algorithms. We focus in particular on the assessment of the proposed 

techniques for the extraction of the surrogate breathing signal from the dynamic optical surfaces and 

for the identification of tumour position on CBCT images. Target tracking errors related to the 

estimation of the lesion trajectories from the external surrogate signal are reported for all patients of 

the collected database. Chapter 4 finally reports general discussion and conclusions related to the 

presented results. 
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1.    INTRODUCTION 

___________________________________________ 

 

1.1    Particle radiation therapy 

 1.1.1    Physical and radiobiological aspects 

 Radiotherapy is one of the most common and effective therapies for curative and palliative 

management of patients with cancer. It consists of locally exposing tumoral cells to ionizing 

radiations, with the aim of causing irreparable damages to their DNA. Approximately 50% of all 

patients with localized malignant cancers are treated with radiotherapy [Durante 2010], which can 

be used as a single treatment strategy or combined with other types of therapies, such as surgery or 

chemotherapy. The main goal of radiation treatments consists in achieving local tumour control 

with minimal side-effects to surrounding healthy tissues. The success rate of radiotherapy depends 

on the total radiation dose delivered to the tumour, whilst preserving adjacent structures. Normal 

tissue sparing is accomplished by treatment fractionation, consisting in delivering the radiation dose 

in multiple subsequent fractions. While healthy tissues show a greater ability to repair DNA 

damages induced by ionizing radiations, tumoral tissues feature less efficient recovery mechanisms. 

Multiple dose delivery fractions repeated at time intervals intermediate between the recovery time 

required by tumour and healthy tissues cause more lethal consequences on cancer cells than on 

normal cells. The preservation of healthy tissues can also be improved by geometrically conforming 

the radiation dose to the target volume, releasing a higher energy density to the tumour whilst 

maintaining an acceptable dose level to adjacent structures. 

 Conventional external beam radiation therapy is based on high energy photons, such as X-

rays or gamma-rays, whose potential for treating cancer was recognized soon after their discovery 

in 1895. Gamma-rays are generated from high-activity radioactive sources, like cobalt, whereas X-

rays are produced by electron linear accelerators (linac). Particle radiation therapy, clinically called 

hadrontherapy, is a more recent radiotherapy technique employing non-elementary charged 

particles, in particular protons and carbon ions, which are accelerated by cyclotrons or synchrotrons. 
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The clinical use of particle beams for the treatment of localized cancer was proposed in 1946 by 

Robert Wilson [Wilson 1946], based on the physical and radiobiological advantages of accelerated 

particles compared with photons. 

 

 1.1.1.1    Depth-dose profile of photons and particles 

 Figure 1.1 depicts the depth-dose distribution profiles for different radiation beams 

employed in radiotherapy. X-rays or gamma-rays show an exponential decrease in the radiation 

dose with increasing penetration depth, since they are progressively absorbed by tissues. The higher 

amount of energy is released at the body’s surface, whereas dose profile is attenuated in depth. For 

photon beams with an a energy of 8 MeV, the maximum dose deposition is reached at a depth of 

23 cm, while at 25 cm of penetration depth the dose is about one-third [Amaldi 2005]. The shift of 

the peak dose by a few centimetres from the patient's surface is due to a build-up effect, mainly 

caused by forward scattered Compton electrons [Schardt 2010]. Differently from photons, charged 

particles penetrate tissues with a limited absorption and lateral scattering, releasing most energy in a 

distinct narrow Bragg peak at the end of their range, with a sharp fall-off at the distal edge (Figure 

1.1). For a 400 MeV/u carbon ion beam, the fall-off from 80% to 20% of the Bragg peak is about 10 

mm [Amaldi 2007]. The position of the Bragg peak can be precisely adjusted to the desired 

penetration depth by changing the kinetic energy of the incident particle beams, knowing the 

attenuation profiles of the crossed tissues.  

 

 

Figure 1.1. Comparison of depth-dose distribution for different radiation beams. While X-rays or gamma-rays show an 

exponential attenuation, with the maximum dose released at few centimetres of depth, particles deposit most energy at a 

higher penetration distance near the end of their range, focusing a higher dose in a narrower peak [Amaldi 2005].  
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 The favourable depth-dose distribution of charged particles offer a number of theoretical 

advantages over conventional radiotherapy [Orecchia 1998]. The superior spatial selectivity 

provides an improved conformity of the particle beam to the target volume. The release of higher 

energy density at a precise and confined depth allows to focus the dose on the tumoral area and to 

minimize the irradiation of the healthy surrounding tissues, thus improving both local tumour 

control and normal tissue sparing. Particle radiation therapy is mainly indicated to treat inoperable 

deep-seated lesions or cancers located in proximity to organs at risks, such as eye and spine cord 

tumours. As shown in Figure 1.1, the energies for reaching 25 cm of penetration depth in water are 

of the order of 200 MeV for protons and 4800 MeV (corresponding to about 400 MeV/u per 

nucleon) for carbon ions. This means that in every cell a carbon ion leaves on average 24 times 

more energy than a proton having the same depth range [Amaldi 2007]. Energetic protons can be 

obtained either with cyclotrons (normal or superconducting) or with synchrotrons having a diameter 

of about 7 meters. Till now, only synchrotrons are used to produce carbon ions of about 400 MeV 

per nucleon. Their magnetic rigidity is about three times larger than 200 MeV protons, so that 

synchrotrons with more than 20 m of diameter are needed to generate carbon beams with a similar 

range in depth [Amaldi 2005]. 

 The electric charge of particle beams can be exploited to control with extreme precision their 

trajectory by means of variable magnetic fields. Beside the configuration at fixed horizontal beam 

lines, isocentric gantries can be used to generate multiple radiation fields with different orientation 

focused on the tumour region [Pavlovic 1997]. Gantries consist in rotating mechanical structures, 

which support bending magnets and quadrupoles to deflect beam's direction. Due to the high 

magnetic rigidity of particles, very large and heavy gantries are required, with a typical radius of 4-

5 m for 200 MeV proton beams [Amaldi 2007]. The superimposition of multiple particle beams 

magnetically guided and modulated in intensity, by delivering non-uniform dose pattern from each 

field direction according to tumour shape, is called Intensity-Modulated Particle Therapy (IMPT). 

This advanced technique allows to obtain steeper dose gradients and sharper penumbra, further 

improving the conformity of the treatment beam to the target volume and reducing the irradiation of 

surrounding healthy tissues by a factor ranging from 2 to 3 [Amaldi 2005]. As depicted in Figure 

1.2, IMPT plans provide excellent dose distributions and a significant sparing of normal tissues and 

critical structures when compared with the most advanced conventional X-ray treatments, such as 

Intensity-Modulated Radiation Therapy (IMRT). IMRT techniques usually make use of 6-10 non-

coplanar X-ray beams, generated by a linear accelerator mounted on a rotating gantry and focused 

towards the geometrical centre of the target. Beam intensity is varied across the irradiation field by 

means of dynamic multi-leaf collimators. Although IMRT treatments lead to tumour dose 
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conformity comparable to particle therapy, a larger volume of surrounding healthy tissues is 

exposed to irradiation (Figure 1.2). 

 

 

Figure 1.2. Comparison of treatment plans with 2 fields of carbon ion IMPT (Panel a) and with 9 fields of X-rays 

IMRT (Panel b). In both cases, a good conformity to the target volume is achieved, but in the IMPT plan the dose to the 

normal tissues is significantly lower [Amaldi 2005]. 

 

1.1.1.2    Biological effects of particles 

 A further advantage of charged particles with respect to conventional radiotherapy concerns 

the radiobiological properties, which are measured as Relative Biological Effectiveness (RBE). 

RBE is defined as the ratio between the dose of photons and the dose of the investigated radiation 

needed to produce the same biological effect, expressed in terms of ionization of the DNA 

molecules of the irradiated cells. While proton beams have almost the same biological effectiveness 

as X-rays, featuring a constant RBE value of 1.1 as a function of penetration depth, carbon beams 

show a favourable RBE depth profile. The biological effectiveness of carbon ions significantly 

increases in the Bragg peak region to values between 2 and 5 (depending on the type of tissue) with 

respect to the entrance channel, where mostly repairable damages are produced [Amaldi 2005]. Due 

to the higher electron-density, carbon ions show a greater Linear Energy Transfer (LET), equivalent 

to the energy loss per unit track length, especially in the last few millimetres of their range [Schardt 

2010]. A greater ionization density is produced at the Bragg peak, causing double strand breaks and 

multiple damage sites to the DNA of the irradiated tumoral cells. The increased biological 

effectiveness in carbon ions can be restricted mainly to the target volume [Kraft 1990], whereas for 

heavier ions the range of elevated RBE also extends to normal tissues located before and after the 

tumour. As a result of this favourable radiobiological property, carbon ion beams are particularly 

indicated for the treatment of targets that are radio-resistant both to X-rays and to protons.  
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 1.1.2    Dose delivery systems 

 As depicted in Figure 1.1, mono-energetic particle beams feature a very narrow Bragg peak, 

with a width of few millimetres. To irradiate larger tumours, beams of different energies have to be 

superimposed to produce an enlarged Spread-Out Bragg Peak (SOBP), as shown in Figure 1.3. By 

varying the particle beam energy during irradiation, the peak of the Bragg curve can be shifted at 

different depths in order to cover the whole tumour extent. The physical dose profile is corrected 

according to the RBE of the specific particle to provide a flat SOBP in the tumour region [Krämer 

2000]. The spread-out Bragg peak allows to deposit a homogenous biologically effective dose 

within the entire tumour volume, but increases the energy density released to normal tissues in the 

entrance channel. Due to the favourable RBE profile, carbon ions provide SOBP with steeper dose 

gradients, improving the ratio between the dose deposited in the tumour region and in the entrance 

channel (Figure 1.3).  

 

 

Figure 1.3. Spread-out Bragg peaks obtained by modulating the energy in overlapping beams of protons and carbon 

ions, providing a constant biologically effective dose within the tumour [Durante 2010]. 

 

 The modulation of the particle beam energy to produce the SOBP can be obtained in two 

possible ways [Durante 2010]. A fixed energy beam can be attenuated by interposing absorbing 

materials and range shifters of variable thickness in the beam path (passive modulation). 

Alternatively, the energy of the particle beam can be modulated by the accelerator during the 

irradiation, without the need of passive attenuators (active modulation). In synchrotrons, the energy 

of the extracted pulsed beams can be varied from one cycle to the next one in steps of few MeV by 

tuning the accelerator parameters, providing essential advantages for conformal treatments. Active 
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modulation is instead not feasible in cyclotrons, requiring energy absorbers to adapt the particle 

range to the depth of the irradiated target, which may involve beam scattering and degradation of 

the energy sharpness [Schulz-Ertner 2006].  According to Bert and Durante [Bert 2011], mainly two 

treatment delivery options exist to conform the charged particle dose distribution to the clinical 

target: passive beam shaping [Chu 1993], which has been used in all hadrontherapy centres till 

1997, and active beam scanning, introduced at the GSI (Gesellschaft für SchwerIonenforschung, 

Wixhausen, Germany) for carbon ions [Haberer 1993] and at the PSI (Paul Scherrer Institute, 

Villingen, Switzerland) for protons [Pedroni 1995]. Both treatment delivery approaches can be used 

either with active or passive energy modulation. 

 

 1.1.2.1    Passive beam shaping 

 

Figure 1.4. Schematic drawing of a passive beam shaping system. The initially narrow beam is broadened by a 

scattering device and adapted to the target volume by various passive field-shaping devices.  

 

 In passive beam shaping systems, the whole tumour volume is irradiated almost 

simultaneously, conforming the radiation field to the target contours by means of passive field-

shaping elements, like scatterers, compensators and collimators (Figure 1.4). A scattering foil is 

interposed at the beginning of the beam path to laterally widen the pencil beam to the desired field 

size (typically 20 cm). The energy of the beam is degraded by means of range modulators and 

shifters, consisting in rotating wheels with varying thickness, in order to broaden the Bragg peak 

and to conform its width to the target longitudinal extent. Radiation field is adapted to the distal 

contour of the tumour by using appropriate compensating absorbers. The transverse form of the 

irradiation field is defined by means of custom-made collimators. Passive beam shaping systems are 

relatively simple to implement but feature several disadvantages, such as a low efficiency in the use 

of beam energy and the need of patient-specific compensators and collimators, defined by the size 

and shape of the irradiated target. In addition, this technique provides a good dose conformity only 
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for tumour with simple geometrical features and does not allow to tailor dose distribution to the 

proximal target shape, inevitably generating unwanted normal-tissue doses in the proximal end 

[Schardt 2010]. 

 

 1.1.2.2    Active beam scanning  

 

Figure 1.5. Schematic drawing of an active beam scanning system. The target volume is sequentially irradiated by 

bending a pencil-like ion beam in the horizontal and vertical directions with two couples of fast orthogonal magnets 

over thin layers at constant energy [Durante 2010]. 

 

 Active beam scanning represents the most widespread technique for dose delivery in the 

newly designed and upcoming particle therapy facilities. In active scanning systems, the target 

volume is irradiated sequentially with a dynamic dose delivery approach based on magnetically 

guided particle beams. The electric charge of particles is exploited to deflect and focus the beam 

direction through orthogonal computer-controlled magnets. As shown in Figure 1.5, the target 

volume is divided in layers of equal beam energy (iso-energy slice), each one composed by a grid of 

finite volume elements (voxel). Each tumour voxel is sequentially irradiated by magnetically 

steering an individual pencil-like beam. Active beam scanning has several advantages compared to 

scattered beams, mostly due to the improved target conformity and to the possibility of beam 

shaping in the proximal tumour area. Since the dose is distributed voxel by voxel, any irregular-

shaped lesions can be treated with optimal precision, giving minimal doses to the surrounding 

healthy tissues. Moreover, neither field-specific nor patient-specific hardware is required, 

eliminating any material in the beam path that can generate beam losses and production of 

secondary particles, like neutrons. On the other hand, active beam scanning implies strict demands 

on the beam control and safety systems and places strong requirements on the accelerator 

performance, such as stability and reproducibility of the beam position [Schardt 2010]. 

 Two different beam scanning techniques have been proposed, namely spot-scanning 

[Pedroni 1995, Pedroni 2004] and raster-scanning [Haberer 1993]. The spot-scanning system uses 
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circular-shaped pencil beams which are positioned by a fast sweeper magnet in single spots of the 

target volume, with discrete steps of typically 5 mm. When the required dose has been released at 

one spot, the beam is switched off by a fast kicker magnet, the next spot is selected by the sweeper 

magnet and the beam is switched on again. This approach has been tested both with horizontal 

beam lines [Pedroni 1995] and isocentric gantries [Pedroni 2004], equipped with a double magnetic 

scanning system, which significantly speed up the beam delivery. In raster-scanning technique, a 

continuous path is selected in each iso-energy slice, made of subsequent raster-points with a spacing 

of typically 2 mm. When the desired dose is delivered in one raster-point, the pencil beam is moved 

to the next one without turning it off. After completion of one slice, the synchrotron beam 

extraction is interrupted and the beam energy for the next slice is selected. In both scanning 

techniques, a beam monitoring system located close to the patient measures the instantaneous beam 

position and controls the dose delivered to each tumour voxel.   

 

1.1.3    Current status of particle therapy 

 According to the most recent survey of the Particle Therapy Cooperative Group [PTCOG 

2011], 33 and 6 centres in the world are nowadays treating patients with protons and carbon ions, 

respectively, whereas 25 new particle facilities are being planned or under construction. In Europe, 

only two facilities are now performing carbon-ion treatments: HIT (Heidelberg Ion Therapy, 

Heidelberg, Germany) and CNAO (National Centre for Oncological Hadrontherapy, Pavia, Italy), 

which started treating patients in 2010 and 2011, respectively. CNAO is in particular the first 

combined proton and carbon-ion facility in Italy equipped with a 25 m diameter synchrotron and 

active scanning delivery techniques [Orecchia 2009]. To date, about 68000 patients have been 

treated with protons worldwide and about 9000 with carbon ions. Including also the centres now out 

of operation, the total number of patients that underwent a charged particle treatment is about 97000 

[PTCOG 2011]. Uveal melanomas and lesions at the skull base were among the first diseases 

treated with particle beams, followed by tumours localized in head and neck, liver, brain, upper 

abdomen, pelvis, lung and spinal cord [Greco 2007]. The current results of clinical phase I-II trials, 

although involving a limited sample of patients, support that the favourable dose distribution and 

the radiobiological properties of charged particles lead to improved patient's outcomes, especially 

for tumours in proximity to critical organs or resistant to conventional treatments [Durante 2010]. 

Even if clinical data are still not sufficient to establish firm conclusions on the cost-effectiveness of 

this treatment modality, the increasing number of excellent patient's outcomes provides evidence 

that charged particle therapy might be beneficial in several tumour sites [Schardt 2010]. 
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1.2    Radiation treatment process 

 1.2.1    Anatomical and functional imaging 

 The radiation treatment process, both for conventional and particle therapy, consists of two 

main steps: treatment planning and treatment delivery. Medical imaging plays an essential role in 

all state-of-the-art radiotherapy techniques, since it enables to plan the desired treatment and to 

verify that the treatment is delivered as planned [Evans 2008]. Input data for treatment planning 

process are obtained from the acquisition of anatomical and functional images of the region of 

interest, used for the identification of the lesion and surrounding Organs At Risks (OAR). The main 

imaging modalities applied for treatment planning include Computed Tomography (CT), Magnetic 

Resonance Imaging (MRI), and Positron Emission Tomography (PET). CT and MRI are high 

resolution anatomical imaging techniques, which measure the physical characteristics of the tissue, 

whereas PET provides complementary functional imaging of various aspects of tumour biology, 

such as tissue metabolism [Nestle 2009]. Three-dimensional (3D) CT is the most common 

volumetric imaging modality applied for radiation treatment planning, since it allows the accurate 

delineation of bony structures and the analysis of the dose distribution decay. The gray levels of the 

CT image, coded in terms of Hounsfield Units, represent a map of the radiation attenuation 

coefficients, which can be converted in tissue density with appropriate scaling factors [Kalender 

2006]. MRI scans give instead a proton density map of the tissue, obtained non-invasively by using 

static or gradient magnetic fields and radiofrequency excitation. This technique have gained 

particular importance for the treatments of tumours localized in the central nervous system, 

abdomen and pelvis, thanks to its superior ability to discriminate soft tissues.  

  

 1.2.1.1    Image registration 

 Since information obtained from different imaging modalities is usually of a complementary 

nature, separate images (such as CT and MRI or CT and PET) are often integrated and combined to 

improve the interpretation of clinical data and to facilitate the delineation of the structures of 

interest [Veninga 2004]. The integration process requires a registration step, for the spatial 

alignment of the different set of images, and a fusion step, for the combined display of the data. 

Registration is defined as the process of determining the optimal transformation that provides the 

maximum similarity between the reference source and the target image. All registration algorithms 

essentially consist of three components: a similarity metric, a transformation model and an 

optimization method [Sarrut 2006a]. The similarity metric represents the cost function to be 
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optimized, which provides a fitness value of the match between the source and the transformed 

target image. Feature-based approach relies on corresponding features detected in the two images, 

such as anatomical landmarks, organ contours or segmented surfaces. Registration is assessed only 

at feature locations, without guaranteeing the accuracy in other regions, particularly those distant 

from any feature. In the intensity-based approach, the grey-levels distribution of the two images are 

matched, thus assessing the image similarity at each voxel. For mono-modality image registration, 

the most frequently used intensity-based similarity metrics are the Mean Square Error (MSE) and 

the Cross Correlation (CC), which are based on the assumption that the registered images have an 

equal or linear intensity relationship, respectively. For multi-modal cases, the Normalized Mutual 

Information (NMI) metric is usually applied, which assumes a probabilistic relationship between 

image intensities and is based on the computation of the entropies of the intensity distributions 

[Maintz 1998].  

 The transformation model defines how the target image coordinates are mapped to the 

reference source coordinates to improve the similarity [Zitova 2003]. The number of parameters 

used to define the transformation represents the number of degrees of freedom. Rigid 

transformations, implying that the relative distances between different points of the two images 

remain constant, have six degrees of freedom, since they are parameterized with three rotations and 

three translations. Rigid transformations are typically used to align anatomy that is assumed to 

remain rigid, such as bones. They are often applied during treatment setup to calculate the couch 

parameters for the correction of patient positioning errors. Rigid transformations are a sub-class of 

affine transformations, which include also anisotropic scaling, shearing and reflection, without 

preserving distances between points. The more complex non-rigid transformations account for 

elastic deformation of the matched volumes. The output of deformable image registration is a 

Deformation Vector Field (DVF), composed by a vector map describing the 3D displacement of 

each voxel from the source to the target image, as shown in Figure 1.6.  

 Non-rigid transformations are classified in parametric and non-parametric [Kybic 2003]. In 

the parametric approach, based on a limited number of parameters, the deformation is constrained 

by a set of corresponding landmarks defined in the source and target images. A linear combination 

of radial basis functions is used to interpolate the transformation between landmarks. Thin Plate 

Splines (TPS) are the most popular global basis functions [Bookstein 1989], in which each 

landmark pair globally impacts the transformation over the entire image. Cubic B-splines are an 

example of basis functions with a local effect, since transformation is affected only in a spatially 

limited neighbourhood of the landmarks, thus reducing the computational costs [Shackleford 2010]. 

B-splines are piecewise polynomials, often described by a freeform deformation model, based on a 
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regular grid of control points with uniform spacing. Approximating B-splines are used to calculate 

the deformation field at any image voxel from the displacements of the surrounding control points. 

In the non-parametric methods, the transformation function relies on physical properties and is 

basically unconstrained, thus resulting in a very large number of degrees of freedom. A 

regularization term is added to penalize deformation fields that deviate from the desired form. The 

most commonly applied regularizing energy functions are the linear elastic model, the optical flow 

model and the viscous fluid model [Cachier 2004]. In a multi-institutional study on deformable 

registration accuracy, the results of deformable image registration for multiple organs performed by 

21 participating institutions were compared to human segmentation based on natural landmarks, 

such as bifurcation points of blood vessels [Brock 2010]. The study showed that the majority of 

registration algorithms perform at an accuracy equivalent to the voxel size. For 4D CT registration 

of the lung, the average absolute errors were 0.61.2 mm, 0.51.8 mm and 0.72.0 mm in the 

medio-lateral (ML), anterior-posterior (AP) and superior-inferior (SI) directions, respectively.  

 

 

Figure 1.6. Anterior (Panel a) and lateral (Panel b) views of the deformation vector field computed by non-rigidly 

registering two 4D CT phase images of a lung cancer patient at different breathing states (end-exhale and end-inhale). 

The DVF is visualized by using the open-source image viewer VV [Rit 2011]. The length of the vectors corresponds to 

the entity of the 3D voxel displacement, projected on the corresponding plane.  

 

 The optimization method tries to find the parameters of the transformation model that give 

the best value of the similarity metric [Zitova 2003]. Closed form solutions, such as least squares 

methods, can be used for some feature-based registrations, whereas all intensity-based registrations 

require iterative optimization techniques. Various optimization schemes have been proposed, with 

different performance in terms of speed and robustness. Steepest gradient descent technique, 

consisting in the iterative minimization of the gradient of the transformation with respect to the 

similarity measure, is often used with B-splines and other non-rigid transformation models. 
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Levenberg-Marquardt and Gauss-Newton algorithms, such as the Limited-memory Broyden 

Fletcher Goldfarb Shanno (L-BFGS), are other examples of optimization methods. As demonstrated 

by Fischer and Modersitzki [Fischer 2008], the optimization problem for image registration is ill-

posed, since small changes in the input images or in the initialization can lead to completely 

different registration results. Its solution may not be unique, since several equally optimal solutions 

can be found to match the input datasets. Multi-resolution techniques are often employed in non-

rigid registrations to improve robustness and to prevent finding local minima. 

 

 1.2.1.2    Time-resolved imaging 

 All imaging modalities applied in thoracic and abdominal sites are affected by artefacts due 

to physiological movements, such as breathing and peristalsis [Keall 2006]. Motion artefacts can 

lead to errors in the delineation of target and normal tissues and adversely affect the accuracy of 

dose calculation. New protocols for image acquisition have been proposed in order to account and 

compensate for breathing movements, such as respiratory-gated scanning [Keall 2002]. The gating 

approach consists in acquiring all CT data with the patient holding his breath at a specific 

respiratory phase, such as deep-inspiration or deep-exhalation. An example of the difference 

between a non-gated and a respiratory-gated CT scan is shown in Figure 1.7. Whilst respiratory-

gating greatly reduces motion artefacts in the acquired images, it does not represent an ideal 

solution for treatment planning [Cheung 2003]. Radiotherapy treatments generally take several 

minutes, during which a single breath-hold is not possible. Several breath-holds could be used but 

questions exist about the reproducibility of repeated breath-holds, as further described in Section 

1.4.2. 

 

 

Figure 1.7. Coronal views of a CT volume of the same patient taken during free-breathing (Panel a) and with 

respiratory-gated scanning at end-exhalation (Panel b). The contoured tumour volume is outlined in each image [Keall 

2002]. 
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 Time-resolved volumetric imaging, such as four-dimensional MRI or CT (4D CT), have 

been developed to extend treatment planning capabilities for tumour sites influenced by respiratory 

motion [Von Siebenthal 2007, Rietzel 2005]. 4D CT technique consists in the simultaneous 

acquisition of CT data and of a respiratory surrogate signal, which is used to sort the acquired 

images into bins according to the breathing state. The three-dimensional reconstruction of each bin 

yields a set of respiratory-correlated CT volumes, representing different respiratory phase states 

during an averaged breathing cycle. The Maximum Intensity Projection (MIP) image, 

corresponding to the highest CT number found for each voxel in the set of 4D CT volumes, can be 

used to compute the motion-encompassing tumour volume including target positions in all 

respiratory phases. A CT scan can be performed both in cine-mode, in which CT data are acquired 

at discrete stationary positions of the treatment couch, and in spiral or helical mode, involving the 

slow couch motion during the continuous CT data acquisition. An illustration of 4D CT scanning 

and image reconstruction is depicted in Figure 1.8.  

 

 

Figure 1.8. 4D CT scan acquisition process using a multi-slice CT scanner operating in cine-mode. The breathing cycle 

is divided into distinct bins and the CT slices are sorted into these bins according to the respiratory state associated to 

their acquisition [Pan 2004]. 

 

 The most common respiratory surrogates applied for 4D CT imaging include spirometric 

volume [Low 2003], abdominal height [Vedam 2003] and internal anatomical motion [Pan 2004]. 

Different approaches have been proposed for 4D CT data sorting: amplitude gating, phase gating or 

a combination of both [Wink 2006, Abdelnour 2007]. In amplitude gating, the CT acquisition is 

triggered when the breathing trace is at a certain position, whereas in phase gating the triggering is 

activated when the respiration is at a given phase. Current 4D CT techniques are based on the 
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assumption that the breathing cycle is periodical and that the respiratory surrogate can be used to 

uniquely determine the breathing state of the acquired CT data. However, respiratory irregularities 

or incorrect breathing state identification may lead to blurred images and motion-induced artefacts, 

which were observed for about the 80% of 4D CT acquisitions [Yamamoto 2008]. 4D CT volumes 

sorted using amplitude gating generally result in less image artefacts than those sorted using phase 

gating, particularly in presence of high inter-cycle variations during data acquisition [Lu 2006]. The 

combination of multiple respiratory-related signals coming from different portions of the thoraco-

abdominal surface was proved to reduce artefacts in 4D CT imaging [Gianoli 2011]. 

 

 1.2.2    Treatment planning 

 Radiation treatment planning can be divided in two different phases: contouring and plan 

optimization. During the contouring phase, the tumour and critical structures are manually 

delineated on the acquired volumetric images. According to the International Commission on 

Radiation Units and Measurements Report 62 [ICRU 1999], the visible target outlined on the 

planning images is called Gross Tumour Volume (GTV), as shown in Figure 1.9a. Safety margins 

are applied to take into account different sources of geometrical uncertainties, such as variations 

between treatment and planning scan (systematic errors) or day-to-day variations during a single 

treatment fraction (random errors) [Van Herk 2004]. A margin is added to the GTV contour to 

include microscopic tumour extensions, thus obtaining the Clinical Target Volume (CTV). To take 

into account changes in size, shape and position of the CTV, which may be caused by patient's 

weight loss, tissue response to radiation or intra-fraction motion due to breathing, the CTV is 

extended to the Internal Target Volume (ITV) by applying Internal Margins (IM). Setup Margins 

(SM) are finally added to include possible inter-fraction geometric variations, such as setup errors 

in patient positioning or beam misalignments, thus obtaining the Planning Target Volume (PTV) 

used for dose prescription. In the plan optimization phase, the appropriate geometric and 

radiological aspects of the treatment, such as the number, energy, shape and direction of the 

radiation beams, are determined by using dedicated Treatment Planning Systems (TPS) to simulate 

the dose deposition (Figure 1.9b). Treatment plan is optimized in order to achieve the prescribed 

uniform dose to the PTV, while minimizing the irradiation of organs at risk and healthy tissues, 

evaluated by means of dose-volume histograms. 
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Figure 1.9. GTV contours (red line) outlined in the planning CT image for a lung cancer patient (Panel a) and 

corresponding treatment plan obtained by simulating dose deposition with TPS systems (Panel b). 

 

 1.2.3    Treatment delivery  

 The second step of a radiation treatment is the delivery of the planned dose, fractionated in 

multiple sessions. The amount of delivered radiation is measured in Gray (Gy) and varies 

depending on the type and stage of the tumour being treated. A typical conventional radiation 

treatment for a localized solid cancer consists of 6070 Gy delivered to the tumour in 3035 daily 

fractions of 2 Gy over 67 weeks [Durante 2010]. Hypo-fractionation schemes, involving fewer 

treatment sessions with higher doses, have recently received considerable attention, especially for 

lung cancer therapy, for which remarkably high tumour control rates have been reported 

[Lagerwaard 2008]. Each treatment fraction is preceded by a setup phase in which the patient is re-

positioned in the planning reference configuration, by aligning skin markers with the treatment 

room lasers. In order to minimize setup uncertainties, immobilization devices are generally used, 

including patient-specific thermoplastic masks or customized stereotactic body frames. In the most 

advanced Image Guided Radiation Therapy (IGRT), inter-fraction positioning errors are monitored 

and corrected prior to irradiation by using in-room imaging systems, to improve the geometric 

accuracy of the delivered treatment [Jaffray 2007]. The most common in-room imaging modalities 

are represented by two-dimensional (2D) X-ray projections or volumetric CT images. The 

agreement with the planning CT is usually checked based on bony anatomy or soft tissues, such as 

OAR and tumour volume, updating couch position according to the computed rigid corrections. The 

discrepancies between planned and daily acquired images can be also used to modify and adapt the 

treatment plan, in a process known as Adaptive Radiation Therapy (ART) [Webb 2008].  

 The most widespread in-room approach for patient setup verification is represented by portal 

images, consisting in 2D projections acquired before each treatment fraction and compared to 

Digitally Reconstructed Radiographs (DRR) obtained by projecting the planning CT volume at the 



18 

 

corresponding angle [Sherouse 1990]. Portal imaging provides information on internal anatomy, 

especially bony structure. Soft-tissue positioning is usually determined with the aid of implanted 

fiducial markers as tumour surrogates [Chen 2007]. Megavoltage (MV) electronic portal images are 

obtained by using the actually X-ray treatment beam, hence involving no extra dose [Herman 2005]. 

However, the higher energy of the employed beam limits the quality of the acquired images, due to 

the lower quantum efficiency of the detectors and to the lower intrinsic contrast between various 

tissues at MV energies. By incorporating a diagnostic-energy X-ray imaging system into the 

treatment room, it is possible to acquire kilovoltage (kV) portal images with better quality and 

contrast [Jaffray 1999]. A favoured approach consists in integrating at least two kV systems to 

enable stereoscopic 3D imaging based on triangulation techniques, thus providing information on 

tumour localization in three dimensions [Berbeco 2004]. Proton radiography is currently gaining a 

growing interest, since it allows a significant reduction of the dose delivered to the patient. Despite 

the lower spatial resolution compared to X-ray imaging, proton radiography is more sensitive to 

tissue density variations, offering a better soft and bone tissue contrast. This leads to sharper edge 

detection and better target localization for specific tumour cases, such as lung cancer [Depauw 

2011].  

 3D anatomical information including soft tissue can be obtained through kV Cone-Beam CT 

(CBCT), consisting in an on-board imaging equipment with a source-detector system integrated in 

the linear accelerator [Jaffray 2002]. As shown in Figure 1.10, the X-ray tube is typically mounted 

on a retractable arm perpendicular to the treatment gantry, opposite to the X-ray flat-panel detector. 

CBCT imaging involves the acquisition of multiple kV radiographs as the gantry rotates around the 

patient positioned on the treatment couch. A filtered back-projection algorithm is employed to 

reconstruct a volumetric image from the set of 2D projections [Feldkamp 1984]. Geometric non-

idealities in the rotation of the gantry system are measured and corrected during the reconstruction. 

To reduce motion artefacts and geometrical uncertainties due to breathing, a respiratory-correlated 

CBCT (4D CBCT) has been proposed [Sonke 2005]. The approach consists of retrospective sorting 

the acquired projections according to the breathing phase, subsequently reconstructing a volumetric 

CBCT image for each phase. The breathing signal used for respiratory correlation is directly 

extracted from the 2D projection data, removing the need for an additional respiratory monitor 

system. Despite the valuable information provided by CBCT technique for IGRT application, 

concerns are addressed to the additional dose released to the patient's skin and normal tissues, 

which may entail the risk of cancer induction [Evans 2008]. 
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Figure 1.10. Kilovoltage cone-beam CT scanner mounted on a linear accelerator, consisting of an X-ray source opposite to 

a flat-panel detector. 

 

1.3    Organ motion in radiotherapy 

 The issue of organ motion is becoming increasingly important in the contest of radiotherapy, 

since it introduces intra-fraction geometrical uncertainties that influence the accuracy of imaging, 

treatment planning and radiation delivery [Keall 2006]. Organ motion includes all physiological 

movements associated to the respiratory, skeletal muscular, cardiac, and gastrointestinal systems, 

which induce not negligible displacement of the tissues of interest, and consequently of the included 

tumoral mass. The most relevant source of intra-fraction organ motion is respiration, which affects 

all tumour sites in the thorax, abdomen and pelvis, such as lung, liver or pancreas cancers [Bert 

2011]. According to the US National Cancer Institute, these pathologies currently account for about 

20% of new cancer cases, with 5-year overall survival rates as low as 616% [Howlader 2011]. 

Since the respiratory frequency of a healthy person at rest is about 1215 cycles per minute [Shirato 

2004], breathing motion acts on a time-scale of seconds to minutes. A continuous real-time 

monitoring of organ motion is therefore required during the delivery of treatment fractions. 

Breathing motion patterns vary markedly between patients, indicating that a patient-specific 

approach for respiration management is advised. No correlation between the tumour size or location 

and the motion occurrence or magnitude was found, suggesting that tumour movement should be 

assessed individually [Stevens 2001]. Intra-patient variations in amplitude, period and regularity of 

the breathing pattern, as well as systematic changes in the respiratory baseline, were also observed 

during imaging and treatment sessions [Seppenwoolde 2002].  
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 The treatment of moving organs is one of the major challenges in particle therapy, 

representing a very active field of research. The clinical impact of intra-fraction motion consists in 

blurring the dose gradients from target volume to normal tissues and in changing the distribution of 

the deposited dose, since the motion of organs within the beam path alters the radiological path-

length [Bortfeld 2004]. The higher energy density and the steeper dose gradients of particle 

treatments may lead to more severe consequences in case of target-beam misalignment due to organ 

motion. Geometric errors in the presence of intra-fraction tumour motion may seriously affect the 

effectiveness of particle radiation, causing unacceptable under-dosage of the target volume and 

over-dosage of the surrounding healthy tissues. Treatment of intra-fractionally moving organs with 

a passive shaped beam is routinely performed in several clinical centres, since dedicated treatment 

planning procedures that incorporate the radiological changes induced by organ motion are 

sufficient to guarantee an adequate CTV coverage [Bert 2011].  

 An even more challenging issue is represented by the capability to treat moving tumours 

with the new advanced dose delivery technique based on active beam scanning, described in 

Section 1.1.2.2. Scanning beam systems are in fact more sensitive to intra-fraction organ motion, 

due to the interference effects between the moving target and the scanned beam [Grözinger 2008]. 

This results in a deteriorated and non-homogeneous dose distribution within the irradiated volume, 

which hinders an adequate CTV coverage despite the use of safety geometrical margins [Lambert 

2005]. Bert and colleagues [Bert 2008] quantified the interplay effects of uncompensated motion on 

dose uniformity in carbon-ion therapy with scanned beams. For a spherical water phantom with an 

amplitude of 15 mm, only 47% of the target volume received 80% of the planned dose. To date, 

only tumours that are not affected by respiratory motion have been clinically treated with scanned 

particle beams [Bert 2011]. To make the most of the excellent target dose conformity and 

geometrical accuracy of active scanning systems, dedicated measures are needed to compensate for 

the dosimetric influence of intra-fraction target motion. High precision techniques for tumour 

localization and real-time motion mitigation are necessarily required to extend the application of 

active scanning treatments to intra-fractionally moving tumours, with the potential benefit of 

improving local tumour control and reduce normal tissue complications. 

 

 1.3.1    Lung cancer 

 The most prevalence and relevant disease affected by breathing-induced organ motion is 

lung tumour, representing the most common cause of cancer-related death for men and the second 

for women, behind breast cancer. According to the last GLOBOCAN statistics on cancer incidence 
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and mortality, lung tumour accounts for an estimated 1092 thousand new cases and 949 thousand 

deaths each year among men, and 516 thousand new cases and 428 thousand deaths among women 

[Ferlay 2008]. The appropriate therapy depends on the stage and type of lung cancer, which can be 

classified as small cell (14%) or non-small cell (85%). For localized Non-Small Cell Lung Cancer 

(NSCLC) patients, surgery is usually the treatment of choice, often combined with radiotherapy or 

chemotherapy to improve survival rate. According to the American Cancer Society, the 5-year 

survival rate for all lung cancer stages is only 16% [ACS 2012]. The 1-year relative survival 

increased from 37% in 19751979 to 43% in 20032006, largely due to the improvements in 

surgical techniques and combined therapies. There is a clinical evidence of local control and 

survival advantages for higher dose levels delivered to lung tumours [Wulf 2005], but lung 

complications have been shown to correlate with the mean lung dose [Kwa 1998]. Due to the 

improved capability of delivering a highly conformal radiation dose distribution, charge particle 

therapy can provide substantial benefit for lung cancer treatments. Both protons and carbon ions 

have been extensively used for the treatment of inoperable NSCLC cancers, obtaining improved 

clinical results in terms of local tumour control and survival rate [Shioyama 2003, Koto 2004]. 

However, the advanced active scanning techniques have never been applied to date for lung cancer 

treatments, due to the high sensitivity to intra-fraction respiratory motion. 

 As shown in Figure 1.11, lung tumours generally show a great variation in the trajectory of 

motion induced by breathing. Several studies confirmed that the main motion component is in the 

SI direction, with lower lobe tumours exhibiting larger motion amplitude than upper lobe tumours. 

The path followed by lung tumours during inhalation is different from exhalation, leading to 

hysteresis loops of even several millimetres [Seppenwoolde 2002]. A variable speed is usually 

observed during the breathing cycle, spending more time near exhalation than inhalation. Tumour 

position at the exhale phase is found to be more stable than the inhale phase [Seppenwoolde 2002]. 

Sonke and colleagues [Sonke 2008] quantified the inter-fraction variability of lung tumour 

trajectories and of respiratory baseline positions in 56 patients with lung tumours, by using 4D 

cone-beam CT data. On average, a peak-to-peak tumour motion amplitude of 9 mm (range 2.125.0 

mm) was found. The tumour trajectory shape proved to be stable inter-fractionally, with mean 

variability not exceeding 1 mm of standard deviation in each direction for the inhale and exhale 

phases. Large inter-fractional variations in tumour baseline were observed, with 3.9, 2.8 and 1.6 

mm as systematic errors and 2.4, 2.2 and 1.2 mm as random components in SI, AP and ML 

directions, respectively. Liu and colleagues [Liu 2007] assessed intra-fraction variations of 

respiration-induced motion amplitude for 152 lung cancer patients by analyzing 4D CT data 

acquired during normal breathing. For 95% of the tumours, the magnitude of target motion was less 
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than 13.4, 4.0 and 5.9 mm in SI, ML and AP directions. Tumour motion larger than 5 mm along the 

SI, ML and AP axes was found in 39.2, 1.8 and 5.4% of all patients, respectively. 

 

 

Figure 1.11. Orthogonal projections of the 3D trajectories of 21 lung tumours on the coronal (Right-Left) and the 

sagittal (Posterior-Anterior) planes, measured using implanted markers and real-time stereoscopic fluoroscopy. 

Tumours that were attached to bony structures are coloured in red, while upper-lobe and lower-lobe tumours are 

coloured in dark blue and light blue, respectively [Shirato 2004]. 

 

 1.3.2    Respiratory motion modelling 

 A respiratory motion model, representing a spatio-temporal description of the motion of an 

anatomy of interest due to breathing, is required to explicitly include organ motion in radiation 

treatment planning and delivery processes, thus reducing the associated geometrical uncertainties. 

Application of motion modelling include the reduction of motion-induced artefacts in planning or 

in-room images [Zhang 2007, Rit 2009], simulation of the absorbed dose distribution for treatment 

planning [Lujan 1999] and prediction of tumour motion during treatment delivery [Sharp 2004]. 

Various respiratory motion models have been proposed in literature, including signal models, 

biomechanical models and registration-based models. Signal models represent a mathematical 

description of the motion trajectory of single points or structures due to breathing. For instance, 

Lujan et al. [Lujan 1999] modelled respiratory motion using the following modified cosine 

function: 

)/(cos)( 2

0   tbxtx n ,            (1.1) 

where x0 is the position at exhale, b is the motion amplitude, τ is the fixed period of the breathing 

cycle and ϕ is the starting respiratory phase. The parameter n controls the shape (steepness and 

flatness) of the model, allowing for an asymmetric breathing trajectory with more time spent at 
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exhale than inhale phase, as observed in real patient data [Seppenwoolde 2002]. Another example 

of signal model is reported by Ruan et al. [Ruan 2009], which propose a method for the real-time 

profiling of respiratory motion, by decomposing it into baseline, phase and fundamental pattern 

(amplitude and shape) variations. Baseline and phase parameters are computed by applying ellipse 

fitting techniques in an augmented state space, whereas fundamental motion pattern are obtained by 

unwarping the motion signal with the estimated respiratory phase.  

 Differently from signal models, biomechanical and registration-based approaches describe 

the internal motion of the entire thoraco-abdominal region. Biomechanical modelling of the lung 

aims at simulating breathing processes based on physiological and anatomical observations derived 

from CT and MRI images, usually using finite element methods [Villard 2005]. To this group 

belongs the NURBS-based Cardiac-Torso Phantom (NCAT), a geometric model of the thorax with 

a realistic respiratory mechanic and cardiac motion, widely employed as a simulation tool for 

dynamic imaging and dose deposition [Segars 2001]. Registration-based models rely on intensity-

based deformable registration algorithms usually applied to time-resolved CT or MRI images. The 

respiratory motion of inner lung structures is expressed in terms of deformation vector fields, 

obtained by applying non-rigid registration to images at different respiratory states. Some authors 

have proposed to non-rigidly register CT volumes acquired at inhale and exhale phases during 

breath-hold or free-breathing, and then linearly interpolating the resulting vector fields to predict the 

intermediate deformations and volumes [Sarrut 2006b, Schreibmann 2006]. This interpolation 

models are based on the assumption of a linear motion over the respiratory cycle, without taking 

into account the hysteresis of the breathing process. To overcome this limitation, many authors have 

proposed to non-rigidly register the volumes from a 4D CT dataset to a reference breathing state 

image, usually corresponding to the end-exhale phase [McClelland 2006, Zhang 2007, Yang 2008]. 

Since registration-based models are built from a single average breathing cycle obtained from the 

4D CT scan, they have a limited potential to model intra- and inter-cycle motion variability. The 

accuracy of this modelling approach strongly depends on the accuracy of the applied deformable 

registration algorithm. Standard registration methods do not take into account the sliding motion of 

the lung with respect to the chest wall, which may locally reduce matching accuracy [Wu 2008]. On 

the contrary, biomechanical modelling allows to explicitly model the physical properties of 

physiological processes, such as sliding motion. Despite the increasingly detailed models, current 

biomechanical approaches does not include most of the motion information available from 

anatomical images, resulting in a less accurate registration of the inner lung structures compared to 

registration-based methods [Sarrut 2007]. 
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1.4    Dynamic tumour localization 

 In order to allow a proper management of intra-fraction organ motion during a radiotherapy 

treatment, the continuous and precise information on tumour position is necessarily required. While 

the proposed strategies for organ motion compensation will be described in details in the next 

section, here we will focus on the developed techniques for the real-time monitoring of target 

motion during dose delivery. The time-resolved localization of the moving tumour can be achieved 

through two main approaches: direct imaging of the lesion or of implanted fiducial markers and 

indirect tumour tracking by means of surrogate breathing signals [Keall 2006, Riboldi 2012]. 

 

 1.4.1    Direct tumour imaging  

 The most widespread image-based approach for the tracking of intra-fraction tumour motion 

is dynamic in-room X-ray imaging, including MV portal images used in cine-mode, multiple kV 

radiographs episodically acquired during treatment and kV fluoroscopy, consisting in the 

continuous acquisition of 2D X-ray projections from a single or dual angular directions with a high 

temporal resolution [Murphy 2007]. Fluoroscopic imaging is provided both by ceiling/floor-

mounted systems, in which the X-ray tubes and the flat-panel detectors are mounted permanently 

either to the ceiling or in the floor of the treatment room, or by gantry-mounted system, in which the 

imaging system is mounted on the treatment gantry, usually orthogonal to the central axis of the 

treatment beam. In the dual orthogonal fluoroscopy, realized through a pair of source-detector 

systems, the image data from the two views are combined with stereoscopic methods to obtain the 

3D tumour trajectories. Fluoroscopic imaging has been applied for the assessment of intra-fraction 

tumour motion both before and during a radiation treatment for periods ranging from 30 sec to 

several minutes, with an acquisition rate up to 30 frames per second [Shirato 2000].  

 Image-based tumour localization methods can be divided in markerless and marker-based 

[Riboldi 2012]. The markerless approach is based on the direct identification of the moving tumour 

in the radiographic/fluoroscopic images acquired during treatment. However, soft tissue tumours 

often present low contrast and undefined contours on X-ray projection images, mainly due to the 

superimposition of the surrounding high-intensity anatomical structures [Keall 2006]. Although 

several manual and automatic tracking approaches have been proposed [Lin 2009], markerless 

tumour detection in X-ray images is usually difficult to achieve, particularly at specific projection 

angles. This problem can be overcome by using radio-opaque fiducial markers implanted inside or 

close to the tumour, which are easily visualized in X-ray projections, even with low quality 

megavoltage imaging [Keall 2004]. Figure 1.12 shows a radiographic image of a lung tumour 
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containing four metal markers, which are the most common implanted fiducials. Radioactive 

markers, such as positron emission markers, have also been proposed for tumour tracking 

applications [Chamberland 2011].  

 

  

Figure 1.12. A radiographic projection of a lung tumour with four implanted gold fiducial markers, obtained with a flat-

panel amorphous silicon detector [Murphy 2004]. 

 

 Tumour tracking based on internal fiducial markers proved to be highly accurate, with 

reported localization uncertainty within 2 mm [Shirato 2012]. However, drawbacks associated to 

marker-based approaches concern the invasiveness of the implantation procedure, which can 

involve the risk of pneumothorax in case of clip insertion in the lung parenchyma, and the 

possibility of marker migration from the intended location. Variations in the distance between 

markers within 2 mm are reported, along with significant changes in the position of the markers 

relative to the tumour over a few weeks [Imura 2005]. In particle therapy applications, implanted 

markers can also affect dose distribution, resulting in critical dose deviations up to 82% [Newhauser 

2007]. The major disadvantage of X-ray imaging is the extra dose of ionizing radiation delivered to 

the patient, which is associated to an additional risk of radiation-induced cancer pathology. Murphy 

and colleagues [Murphy 2007] reported that the imaging dose delivered during a 5 min fluoroscopic 

study can exceed 100 mGy. Dose constraints limit the applicability of image-based techniques for 

intra-fraction motion management, due to the impossibility of continuously monitoring tumour 

position during treatment. 

 Non-radiographic image-based approaches have also been proposed for intra-fraction 

tumour motion tracking in radiotherapy treatments. The main non-invasive technique applied for 

real-time image guidance is ultrasound, which allows soft tissue visualization without additional 

dose [Hsu 2005]. Ultrasound method usually provides low quality images, whose interpretation is 

operator-dependent and can be affected by tissue distortion induced by the probe pressure. A remote 
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approach for ultrasound image acquisition, based on a stable holder for the probe that applies a 

steady contact force to the patient, has been developed and tested, obtaining motion tracking 

accuracy of about 2 mm [Schlosser 2010]. In-room MRI scanners integrated with X-ray 

radiotherapy units have recently been developed for image guidance in radiotherapy. Prototype 

systems demonstrated that good quality MRI images can be acquired, with minimal interference 

from treatment irradiation [Fallone 2009]. The potential of non-invasive in-room MRI to capture 

soft tissue images in real-time during treatment could offer unique opportunities for tumour 

tracking, although the coupling of MRI scanners with high-energy particle beams poses specific 

challenges for an application in particle therapy [Raaymakers 2008]. A non-radiographic marker-

based alternative for real-time tumour localization relies on implanted transponders, which are 

detected continuously in three dimensions by means of external electromagnetic receivers with sub-

millimetre accuracy [Balter 2005]. To date, this technology have been applied only in prostate 

cancer radiotherapy, but future clinical applications for the treatment of moving targets are 

expected, since the US Food and Drug Administration has approved the use of transponders 

anywhere in the body. 

 

 1.4.2    Indirect measurement of breathing surrogates 

 Indirect tumour localization during radiotherapy treatments can be achieved by inferring its 

position from breathing surrogates expected to have a close relationship with the target. Since 

respiratory surrogates are acquired through non-invasive techniques, this approach can be applied to 

continuously monitor target motion during the whole treatment duration. The use of surrogate 

breathing signals to predict tumour position requires the modelling of the relationship between the 

target displacement and the respiratory surrogate. Since a non-zero phase-offset is usually observed 

between the surrogate and the internal tumour signals, models that compensate for phase shifts 

between the two motions should be taken into account to obtain a reliable target prediction [Hoisak 

2004]. Extensive analysis of tumour trajectories also suggests that non-linear correlation and 

hysteresis need to be modelled to accurately depict target displacement [Pepin 2010]. Several 

correlation models with different complexity have been proposed, ranging from piece-wise linear-

polynomials to advanced machine learning methods, such as fuzzy systems and artificial neural 

networks [Torshabi 2010, Seregni 2011]. All studies show that the correlation is patient-specific 

and time-dependent, due to the non-stationary characteristics and transient changes of breathing 

motion. This requires frequent verification of the model estimation and on-line adaptation of the 

correlation parameters to encompass intra-fraction breathing irregularities during treatment 
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[Ozhasoglu 2002]. The accuracy and robustness of surrogate-based approaches for dynamic tumour 

localization can be improved by periodically updating the correlation model based on the 

acquisition of X-ray images of the tumour position synchronously with the breathing surrogate 

[Kanoulas 2007]. Examples of surrogate signals applied for radiotherapy treatments include the 

respiratory volume, the displacement of the external thoraco-abdominal surface and the motion of 

internal structures, such as the diaphragm. The performance of the different respiratory surrogates 

has been evaluated and compared by analyzing the correlation with the tumour displacement or by 

calculating the target localization errors after prediction. 

 The volume of inhaled and exhaled air is a popular choice of respiratory surrogate signal, 

since it is physiologically related to breathing motion. During normal respiration, the lung volume 

typically changes by 20% (from 3.3 to 4.1 Litres on average), whereas at deep inspiration, the 

increase in lung volume is approximately 3 to 4 times that of normal breathing [Keall 2006]. 

Spirometric devices are usually applied to non-invasively measure the flow of air entering and 

exiting the lungs by means of differential pressure pneumotachographs [Mah 2000]. As depicted in 

Figure 1.13a, the spirometer is composed by a flexible arm ending with the pneumotachographic 

sensor, an antibacterial filter and a mouthpiece. Video-glasses showing the acquired breathing 

traces are often provided to the patient for visual guidance (Figure 1.13b). A daily calibration 

procedure, performed with a syringe containing a known volume of air (Figure 1.13a), is required to 

convert the flow measurements in respiratory volumes. The accuracy of volume estimation is 

typically ±2% for flow rates ranging approximately between 0.5 and 3.0 L/s. Examples of 

commercial spirometry clinically employed during radiotherapy treatments are the VMAX Spectra 

20C (VIASYS Healthcare Inc, Yorba Linda, CA) and the SpiroDyn’RX (Dyn’R, Muret, France) 

[Haack 2009]. A drawback of the volume-based approach for dynamic tumour localization is that 

patients can have difficulty in tolerating spirometry for long periods of time. Moreover, spirometric 

measurements can be subject to time-dependent drifts of the end-exhale and end-inhale values due 

to escaping air and instrumentation errors. The use of drift-free surrogate signal, such as the internal 

air content measured in CT images, has been proposed to correct for spirometric drifts [Lu 2005]. In 

a 11-patients dataset, the correlation coefficients between tumour displacement and respiratory 

volume ranged from very high (0.99) to very low (0.51), finding an inconsistent surrogate-target 

relationships over multiple days for most patients [Hoisak 2004]. 

 Different anatomical structures inside the thorax, such as diaphragm, carina or pulmonary 

veins, have also been used as surrogate breathing signals for the estimation of tumour position [Van 

der Weide 2008]. The motion of the internal structures can be tracked through image-based 

methods, including X-ray fluoroscopy [Cerviño 2009a], time-resolved MRI [Von Siebenthal 2007] 
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and non-invasive ultra-sound imaging [Xu 2006]. The most common internal surrogate principally 

applied for lower lobe lung cancers, liver and pancreas tumours is the diaphragm, which represents 

the main inspiratory muscle. During inhalation, the contracted diaphragm descends and the 

abdomen is forced inferiorly and anteriorly, increasing the SI dimension of the chest cavity. The 

diaphragm position in the superior-inferior direction is easily detectable in X-ray projections, as 

well in ultrasound images, as shown in Figure 1.14. The correlation analysis between tumour and 

diaphragm motion in fluoroscopic image sequences from 10 lung cancer patients shows average 

correlation factor of 0.98 when phase delays are taken into account [Cerviño 2009a]. The average 

localization error for tumour prediction proved to be 0.8 mm, with an error at the 95% confidence 

level of 2.1 mm. However, for selected patients a much weaker correlation was found, suggesting 

that tumour-diaphragm relationship should be assessed on a patient-specific basis. 

 

  

Figure 1.13. SpiroDyn’RX spirometer clinically employed during radiotherapy treatments, with the 3 L syringe used 

for daily system calibration (Panel a). The patient breathes through a mouthpiece connected via flexible tubing to the 

spirometric sensor (Panel b).  

 

 

Figure 1.14. Ultrasound image obtained from the right-side abdominal rib cage, showing the diaphragmatic motion 

during inspiration and expiration phases [Wang 2009].  
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 The most commonly used surrogate breathing signal for tumour localization in radiotherapy 

treatments is the displacement of the patient's thoraco-abdominal surface. The intercostal muscles 

connecting adjacent ribs contract actively during inhalation, pulling the ribs superiorly and 

anteriorly, thus increasing both the ML and AP diameters of the thorax and abdomen. During 

exhalation, the lung and chest wall return passively to their positions at rest, due to elastic 

properties. The displacement of the external surface induced by breathing can be acquired non-

invasively by means of optical localization systems with non-ionizing energies, thus allowing the 

continuous motion monitoring during the whole treatment duration. Optical tracking consists in 

localizing an object by measuring the light either emitted or reflected by the object, usually 

operating in the infrared range to avoid the interference of the ambient light [Meeks 2005]. Surface 

motion can be tracked directly by using markerless surface imaging systems, which capture the 

entire thoraco-abdominal surface of the patients through video-cameras [Smith 2003, Bert 2005]. 

Indirect surface tracking can also be performed, by recording the position of fiducial markers placed 

on the patient's skin through infrared opto-electronic systems [Spadea 2006, Baroni 2007]. Marker-

based and markerless optical surface tracking will be described in details in the next sections. 

 Several respiratory surrogates can be derived from both marker-based and markerless optical 

surface tracking, including the trajectory of one or more surface points, the diameter in AP 

direction, the cross-sectional area or the volume enclosed by the surface [Romei 2010]. Opto-

Electronic Plethysmography (OEP) techniques allows for example the accurate measurement of the 

volumetric variations of the chest wall and its compartments (rib cage and abdomen), starting from 

the 3D coordinates of fiducial markers positioned on the subject’s thoraco-abdominal surface and 

acquired by an opto-electronic system [Cala 1996]. After defining a geometrical model that 

connects the reconstructed surface points to form triangles, the enclosed volume and its changes due 

to breathing are calculated by surface integration using the Gauss theorem. Volumetric surrogate 

signals derived from both marker-based and markerless surface tracking proved to be highly 

correlated with spirometric volume measurements [Aliverti 2001, Tarte 2006]. Unlike spirometry, 

surface-derived volume signals are not subject to time drifts and provide a compartmental analysis 

of surface motion, allowing to differentiate between diverse modes of respiration, such as 

abdominal or thoracic breathing patterns [Hughes 2009]. 

 The use of external surface surrogates entails the definition of appropriate external-internal 

correlation models to infer target localization. Composite breathing signals obtained from multiple 

surface control points were proposed to improve the robustness of the correlation between surface 

and tumour motion [Yan 2006, Yan 2008]. Different locations of surface markers have been 

compared for the prediction of the internal motion of lung structures, including tumours or veins, 
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under different types of breathing (deep, shallow, abdominal, thoracic, etc.). The marker location 

showing better correlation depended on the position and direction of the internal structure and on 

the patient's respiratory pattern [Koch 2004, Yan 2008]. The overall accuracy of target position 

estimation from external surface motion was quantified in retrospective clinical studies for 44 lung 

cancer patients [Hoogeman 2009]. The mean errors of the external-internal correlation model were 

less than 0.3 mm, with maximum standard deviations, describing intra-fraction variations around 

the whole-fraction mean error, of 2.5 mm for AP direction and 1.9 mm for ML and SI directions. 

The use of correlation models featuring a higher level of complexity than linear-polynomial 

correlation was reported to increase the accuracy in target position estimation, particularly in 

presence of breathing irregularities [Torshabi 2010]. 

 

 1.4.2.1    Marker-based optical tracking 

 Opto-electronic localizers, such as the ELITE or SMART systems (BTS Engineering, Milan, 

Italy), measure in real-time the three-dimensional coordinates of active light-emitter or passive 

light-reflecting markers with a sub-millimetre accuracy at an acquisition rate up to 100 frame per 

second [Ferrigno 1994]. Passive markers are generally 6 mm diameter spheres coated with a highly 

reflective surface that reflects the infrared light emitted from an external illuminator. The detectors 

of the emitted or reflected marker light consist in at least two solid-state Charge-Coupled Device 

(CCD) cameras with an enhanced sensitivity in the infrared spectrum. A dedicated processor 

recognizes and calculates the 2D positions of the markers recorded by the camera sensors, using 

pattern recognition algorithms [Ferrigno 1990]. The reconstruction of the 3D marker coordinates is 

based on stereoscopic techniques, requiring the calibration of the physical and geometrical 

parameters of the CCD cameras. This is performed by using a calibration apparatus composed by 

passive markers at known distances and placed at known coordinates relative to the isocentric 

reference frame of the radiotherapy machine. The three-dimensional marker location is found 

through triangulation as the intersection of the 3D rays determined by each camera, passing through 

the detected 2D marker positions and the calibrated camera optical centres. The calibration 

procedure provides also the transformation matrix to convert camera coordinates into room 

coordinates, thus allowing to determine the 3D marker positions with respect to the treatment 

isocenter. 

 One of the first commercially available optical tracking system for radiotherapy is the Real-

time Position Management (RPM) system (Varian, Palo Alto, California, USA) [Ford 2002]. As 

shown in Figure 1.15a, a plastic block with infrared reflective markers is placed on the patient’s 

abdominal surface, typically midway between the xyphoid process and the umbilicus to maximize 
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the respiratory-induced motion. The AP trajectory of the block is captured by a single CCD camera, 

usually mounted on the ceiling of the treatment room (Figure 1.15b). The Polaris system (Northern 

Digital Inc, Waterloo, Ontario, Canada) is another commercial example based on optical tracking 

technology [Bova 1997]. The sensor unit (Figure 1.16a), consists in an array of two CCD cameras 

that track the 3D position of a set of fiducial markers either attached to the patient’s skin or to a 

holder. Figure 1.16b depicts a configuration of multiple passive markers placed on the thoraco-

abdominal surface of a patient.  

  

  

Figure 1.15. RPM optical system for the tracking of external surface motion. The device is composed by a plastic block 

with passive reflective markers placed on the patient's abdomen (Panel a). The AP trajectory of the block is recorded by 

a ceiling-mounted CCD camera, equipped with infrared light-emitting diodes for marker illumination (Panel b).  

 

 

Figure 1.16. Polaris sensor unit, composed by an array of two CCD cameras for optical marker tracking (Panel a). 

Configuration of multiple passive markers placed on different anatomical landmarks of the patient's thoraco-abdominal 

surface (Panel b).  

 

 Marker placement is usually performed manually by selecting appropriate anatomical 

features, such as nevi or scars. Care must be taken to ensure the reproducibility of marker location 

on the patient's skin, to allow the comparison of the motion signals obtained during different 
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treatment sessions. Marker-based optical systems allow the fast real-time 3D localization of 

corresponding control points solid to the patient surface, thus yielding motion tracking at specific 

anatomical landmarks. However, they do not provide a complete description of the anatomical area 

involved in the irradiation, since the motion monitoring is under-sampled only at specific surface 

landmarks [Spadea 2006]. Moreover, they typically involve long patient preparation and may not be 

repeatable due to inaccuracy in marker placement [Wang 2001]. 

  

 1.4.2.2    Markerless surface imaging 

 An alternative option for measuring the displacement of the chest and abdomen is based on 

markerless optical surface imaging techniques that capture the whole thoraco-abdominal surface 

without the use of passive markers. The clinical application of body surface sensing in radiotherapy 

was proposed by Moore and Graham [Moore 2003], who described a method based on laser 

interferometry, consisting in the projection of interferometer fringes on the patient’s skin to 

generate a height map of the external surface. Commercial laser-based surface scanning devices for 

radiotherapy application include the Sentinel system (C-RAD AB, Uppsala, Sweden) [Brahme 

2008] and the Galaxy system (LAP Laser, Lüneburg, Germany) [Moser 2011]. These devices allow 

the real-time reconstruction of a 3D surface model by scanning the patient with a laser beam, while 

a camera records its reflections. The geometrical resolution in surface reconstruction is about 0.1 

mm [Brahme 2008], whereas the accuracy in surface motion estimation tested on healthy volunteers 

proved to be lower than 1.7±1.5 mm [Moser 2011]. Further methodological investigations were 

focused on the evaluation of video-based systems for the instantaneous 3D surface imaging through 

stereo-photogrammetric techniques [Smith 2003]. The projection of a light-pattern on the patient's 

skin provide a high density 3D topological model of the monitored surface, with few millimetres 

spacing between surface points. The reconstructed surface model is defined by vertices connected 

into triangular faces. Each triangular face is parameterized by three 3D vertices for the surface 

topology and by three direction cosines of the triangle normal for surface orientation. 

 Markerless optical surface imaging allows to overcome the problems of marker-based 

optical techniques, related to the reproducibility of marker replacement and to the under-sampling 

of surface motion. Surface imaging provides a complete description of the patient's thoraco-

abdominal region, with redundant information accounting for inter-session surface deformations 

[Spadea 2006]. Potential drawbacks of surface sensing methods are the computational bulkiness, 

which limits the real-time performance, and the lack of spatial correspondence between points of 

subsequently acquired surfaces. Appropriate methods based on surface registration are required to 

derive a breathing surrogate signal from markerless optical surface acquisitions. In case of low 
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spatial frequency of the controlled anatomical surface, such as the thorax and abdomen, registration 

algorithms may feature a relatively low robustness due to local minima in the iterative surface 

fitting process [Baroni 2003]. Registration robustness can be improved by using constrained surface 

fitting, which represents a trade-off between the overall surface congruence and the matching of 

selected landmarks [Riboldi 2009]. 

 The most popular commercially available video-based surface imaging system applied in 

radiotherapy is the VisionRT (Vision RT, London, UK), whose technical details are extensively 

described by Bert et al. [Bert 2005]. As depicted in Figure 1.17a, the system is composed by two 

imaging pods suspended from the treatment room ceiling. Each pod is equipped with two CCD 

cameras for stereo-vision, a texture camera and a speckle projector. 3D surface reconstruction is 

performed by projecting a pseudo-random speckle pattern on the patient's skin (Figure 1.17b), 

which facilitates the identification of corresponding surface points on the images acquired by the 

two cameras of the imaging pod. The depth values for all 2D points covered in both stereo-images 

are triangulated using the baseline parallax between the camera sensors.  

 

 

Figure 1.17. VisionRT surface imaging system, composed by two imaging pods fixed to the room ceiling at 

symmetrical positions with respect to the treatment couch (Panel a). Each pod projects a red and black random pattern 

on the patient's skin (Panel b), used for the reconstruction of the 3D surface model through stereo-photogrammetric 

techniques.  

  

 A calibration procedure of the VisionRT system is required to compute the optical properties 

as well as the position and orientation of each camera with respect to the isocenter, which is 

performed by means of a planar grid of black spots. During system calibration, the grid is 

positioned on the treatment couch aligned with the room lasers, and grid images are acquired for 

multiple couch heights. Each imaging pod acquires 3D surface data over approximately 120° in the 
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axial plane. In order to obtain a field of view of 180°, data from the two pods are merged in a single 

integrated 3D surface image, with less than 1 mm of root-mean-square discontinuity error in the 

overlap region near midline. As shown in Figure 1.18a, the surface model acquired with the 

VisionRT system is defined by triangular tiles with adjustable vertex separation (typically 6 mm). 

The additional texture camera capture a gray-scale image of skin features, that can be superimposed 

to the surface topology to generate a 3D textured model (Figure 1.18b). 

 

 

Figure 1.18. Representative examples of 3D surface model acquired with the VisionRT system, defined by vertices 

connected into triangular faces (Panel a), and of 3D textured surface, in which each triangular face is coloured with a 

gray-level video image of the patient's skin captured by the texture camera (Panel b). The merging line connecting the 

surface models acquired by the two imaging pods is visible in both figures. 

 

 The VisionRT system can operate in two distinct principal modes. The AlignRT program is 

mainly used for setup verification to correct patient position before treatments. The daily acquired 

surface is compared to the reference model through rigid surface registration algorithms, computing 

the translational end rotational couch corrections that minimize the distance between the two 

surfaces. AlignRT program allows the real-time reconstruction of the whole 3D surface or of a 

region of interest selected by the user. Usually, a single static frame is acquired with texture 

information, merging data captured by both imaging pods. This operation mode also provides the 

possibility to gate the surface acquisition at a specific phase of the respiratory cycle, tracking the 

trajectory of a point chosen on the patient surface. The captured volume around isocenter is about 

6501000350 mm (MLSIAP directions), with a typical number of 3D points per surface model 

of about 10000-20000. According to validation studies performed on rigid phantoms, the 3D 

surface reconstruction with the AlignRT system features a sub-millimetric accuracy, obtaining a 

root-mean-square error of 0.65 mm if compared with CT-derived surface topology [Bert 2005]. In 

the second operation mode of the VisionRT system, surface data are captured continuously from a 
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single imaging pod at an acquisition rate of about 7.5 frames per second, depending on the size of 

the monitored surface. In this modality, only the photos captured by the two stereo-cameras are 

stored in real-time, while the 3D surface reconstruction is performed off-line from the stored 

photos. Texture mapping and selection of regions of interest (ROI) are not available in the 

continuous acquisition mode. Phantom studies on a moving surface with a sinusoidal trajectory at 

different combination of amplitudes (15 mm) and periods (26 sec) indicate that the system 

accuracy in the measurement of motion amplitude is 0.11±0.15 mm, with maximum absolute 

deviations of 0.83 mm [Bert 2005]. The dynamic capture mode include the GateCT software, 

mainly dedicated to track the external surface motion during planning image acquisition for 

retrospective 4D CT reconstruction, and the GateRT software, that can be used for real-time 

monitoring of respiratory motion and patient movements during treatment delivery [Johnson 2004].  

 

1.5    Intra-fraction motion management 

 This section discusses in detail the different methods for the management of intra-fraction 

breathing motion during radiotherapy treatment delivery. Several immobilization techniques are 

applied for the stabilization of the moving tumour and for the reduction of organ motion. 

Abdominal compression is a reported option since the pressure applied to the abdomen reduces 

diaphragmatic excursions, while still permitting limited normal respiration [Negoro 2001]. A 

dedicated abdominal pressing plate can be integrated in the stereotactic body frame used for patient 

immobilization, as shown in Figure 1.19. The effectiveness of the compression device in the 

management of respiratory movements has been assessed in 27 lung cancer patients using 4D CT 

and dosimetric studies [Bouilhol 2012]. The most significant impact of abdominal compression was 

obtained in patients with lower lobe tumours, where motion amplitude was decreased by 3.5 mm on 

average. Minor or negative effects of compression were reported for upper/middle lobe locations, 

obtaining a mean tumour motion reduction of 0.8 mm. Compression increased tumour motion in 5 

cases, whereas the dosimetric gain for lung sparing was not clinically relevant. As described in 

Section 1.2.2, intra-fraction respiratory motion can be accounted by adding treatment margins that 

encompass the tumour motion during the entire breathing cycle. However, especially for tumours 

with a large motion amplitude, the use of margins is not ideal since it increases the radiation field 

size and consequently the volume of healthy tissues exposed to high doses. Alternative strategies 

for the effective management of intra-fraction tumour motion have been proposed, which can be 

mainly divided in the following categories: breath-hold methods, respiratory gating techniques and 

real-time tumour targeting. 
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Figure 1.19. Stereotactic body frame and abdominal compression plate used for patient immobilization and suppression 

of internal breathing motion. 

 

 1.5.1    Breath-hold method 

 The reduction of tumour motion amplitude during treatment delivery can be achieved 

through specific breathing maneuvers that modify the respiratory pattern of the patient, such as 

breath-hold. In this approach, the radiation dose is delivered while the patient holds his breath at a 

specific phase of the respiratory cycle, thus providing tumour immobilization and compensation for 

breathing motion. Deep-inspiration breath-hold (DIBH) is usually performed due to the potential 

dosimetric advantages of increasing the lung volume. Lung density is in fact reduced during 

inhalation, thus ensuring a greater sparing of healthy pulmonary tissues [Hanley 1999]. Breath-hold 

methods have been predominantly applied to lung cancer and left-breast radiotherapy. Although 

intra-fraction breathing motion can be considered negligible for tumours in the breast region [Smith 

2005], the inspiration breath-hold maneuver allows to reduce both cardiac and lung toxicity with 

respect to free-breathing irradiation [Pedersen 2004]. The distance between the heart and the breast 

is in fact increased during inhalation, thus minimizing the cardiac volume included in the irradiation 

field. 

 Multiple repeated DIBH maneuvers are typically required both during the acquisition of 

planning CT images and during dose delivery at each treatment fraction. The inter- and intra-

session repeatability of breath-holds therefore represents a crucial issue, which entails the 

application of an appropriate technology for DIBH monitoring. Different methods have been 

proposed to acquire patient's breathing signal and to assess the reproducibility and stability of 

breath-hold maneuvers. The respiratory signal allows to enable and disable dose delivery, 

automatically stopping the radiation beam if the inspiratory level deviates from the intended one. 

The most common monitoring technique is based on the measurement of the volume of air inhaled 
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and exhaled by the patient through spirometric devices [Hanley 1999, Mah 2000], described in 

Section 1.4.2. External surface surrogates have also been used for respiratory monitoring in breath-

hold irradiation. Surface motion during DIBH maneuvers has been acquired both with marker-based 

optical tracking approaches, such as the RPM system [Vikström 2011] or configuration of multiple 

control points [Stock 2006], and with markerless surface imaging systems, such as the VisionRT 

[Cerviño 2009b]. The reproducibility and stability of DIBH maneuvers proved to significantly 

increase with audio-visual guidance provided to the patient [Stock 2006, Cerviño 2009b]. 

  Two different breath-hold strategies can be applied in radiotherapy treatments: self-held 

breath-hold and active-breathing control. In self-breath holding methods [Kim 2001] the patient 

voluntarily holds his breath at a specific phase of the respiratory cycle. A training session is usually 

performed before treatment to instruct patients to reproduce repeated breath-holds by inspiring the 

same amount of air for about 1020 seconds, according to patient's ability. A reference inspiratory 

level and a tolerance interval are selected, generally as a specific percentage of the maximum 

capacity reached during training. In treatment planning and delivery, the patient is verbally coached 

to achieve the predefined breath-hold level, often with the aid of video goggles displaying the 

breathing traces acquired by the monitoring device and the selected tolerance band (Figure 1.20). 

To improve breath-hold reproducibility, the Active-Breathing Control (ABC) system was developed 

[Wong 1999]. The ABC apparatus consists of a spirometer that can control patient's inhaled and 

exhaled air flow via occlusion valves. At preselected respiration levels, the valves are automatically 

closed to stop patient's breathing at the desired inspired volume. A moderate breath-hold level, set 

for example at 75% of deep inspiratory capacity, was demonstrated to achieve good reproducibility 

of internal organ displacement while maintaining patient comfort [Remouchamps 2003]. 

 Although treating at deep-inspiration breath-hold has been shown to have considerable 

dosimetric advantages, significant concerns are addressed to the low reproducibility of internal 

anatomy and tumour position in repeated maneuvers performed at constant inspired volume. 

Residual motion can in fact occur during breath-holds, due to muscle relaxation. Moreover, the 

complexity of breathing processes, especially during forced inspiration, can involve the composed 

movements of the abdomen and the thoracic cage [Aliverti 2001]. This means that the same 

respiratory level can be reached with a different combination of thoracic elevation in CC direction 

and abdominal filling in AP direction. The reproducibility of moderated DIBH using an ABC-based 

monitoring was evaluated in lung cancer patients, obtaining a non-negligible inter-maneuver 

variability in tumour position, with maximum shifts of about 3 mm in all spatial directions [Cheung 

2003, Muralidhar 2008]. The applicability of breath-hold methods is also limited by patient's 

compliance. Approximately 60% of lung cancer patients cannot perform adequate reproducible 
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maneuvers or cannot achieve sufficient lung inflation, required to have a dosimetric advantage with 

respect to free-breathing irradiation [Keall 2006]. A further drawback of DIBH treatments consists 

in the time requirements, since each treatment session usually takes 510 minutes longer than a 

similar beam arrangement performed in free-breathing conditions. 

 

 

Figure 1.20. Graphical user interface of the SpiroDyn’RX spirometer, showing the patient's breathing curve during a 

DIBH maneuver. The breath-hold reference level is displayed in red, with a tolerance interval of ±0.1 L. 

  

 1.5.2    Respiratory gating 

 Respiratory gating involves the administration of radiation (during both imaging and 

treatment delivery) within a specific portion of the patient’s free-breathing cycle, commonly 

referred to as the gate [Ohara 1989]. The radiation beam is automatically switched on and off 

during certain time intervals, synchronously with the patient’s respiration. The end-exhale phase 

offers preferential conditions, since exhalation is the most reproducible respiratory state and 

features longer duration [Seppenwoolde 2002]. Respiratory gating requires the monitoring of the 

patient’s breathing motion during treatment delivery, which is usually obtained through external 

surrogate signals derived from optical surface tracking systems. Due to the non-invasive nature and 

to the minimal effort required by the subject, gating combined with an external motion signal can be 

applied to almost all (>90%) patients [Keall 2006]. Currently, the most widespread respiratory 
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gating system based on a surface-based surrogate signal is the RPM system [Ford 2002, Yorke 

2005]. In a gating or breath-hold approach for motion compensation, the tumour-surrogate 

correlation does not need to be known explicitly, since the surrogate signal is used to monitor the 

breathing motion, but not to predict the absolute tumour position [Keall 2006]. However, the intra- 

and inter-fraction correspondence between internal anatomy and external signal used for gating 

should be accurately verified by acquiring the tumour position through in-room X-ray imaging 

[Berbeco 2005a]. 

 As shown in Figure 1.21, respiratory gating technique can be based on two different 

breathing variables (amplitude or phase) derived from the surrogate signal provided by the motion-

monitoring device [Vedam 2001]. In amplitude-based gating, dose delivery is activated whenever 

the respiration signal is within a predefined window between the inhale and exhale extremes of the 

breathing motion. In phase-based gating, the radiation beam is triggered when the respiratory phase, 

extracted from the breathing signal through specific algorithms, is within a preset angular phase 

window. As the beam is not continuously delivered, gated procedures are longer than non-gated 

procedures. The ratio of the beam-on time within the gate to the overall treatment time is referred to 

as the duty cycle and represents a measure of the efficiency of the method. Typical duty cycles of 

3050% lead to 4 to 15-fold increase in the delivery time with respect to free-breathing treatments 

[Keall 2006]. Since the patient is freely breathing in gated radiotherapy, a tumour residual motion 

still occurs within the gate. The residual tumour motion in gated radiotherapy with external 

respiratory surrogates has been assessed on lung cancer patients, obtaining a 95
th

 percentile range of 

residual motion of 0.75.8 mm, 0.86.0 mm, and 0.96.2 mm for 20%, 30% and 40% duty cycle, 

respectively [Berbeco 2005b]. Amplitude-based gating usually results in less residual tumour 

motion. The choice of the gate width is a trade-off between the amount of residual motion and the 

duty cycle. The less residual motion the greater the dosimetric benefit of gated treatment, but the 

smaller the duty cycle the greater the increase of the treatment time [Vedam 2001]. 

 Respiratory gating technique is currently applied by several clinical centres to account for 

respiratory motion during conventional radiotherapy of thoracic and abdominal tumours [Mageras 

2004, Giraud 2006]. Kubo and Wang [Kubo 2000] demonstrated the feasibility of gating the linear 

accelerator during a dynamic multi-leaf collimator delivery, thus allowing gated IMRT treatments. 

Gating has been recently introduced also in particle therapy for several sites influenced by 

respiratory motion, with an emphasized use for lung cancer and hepatocellular lesions [Minohara 

2000, Lu 2007]. Multiple beam on/off cycles during treatment delivery have to be supported by the 

accelerator and by the energy-selection system through dedicated extraction techniques and 

intensity modulation [Bert 2011]. Gating is not yet used in particle centres with active scanning 
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techniques since interplay effects of residual motion within the gate window and the scanned beam 

can lead to unacceptable tumour under-dosage [Bert 2009]. To overcome the dosimetric influence 

of the interference effects, gating need to be combined with other dedicated motion compensation 

methods, such as by increasing the overlap of neighbouring pencil beams in the lateral and 

longitudinal directions [Bert 2009] or by applying rescanning techniques [Furukawa 2010].  

 

 

Figure 1.21. Illustration of two types of respiratory gating performed during patient's expiration using the surface-based 

motion signal derived from the optical RPM system. Synchronization can be based on amplitude with an horizontal gate 

(Panel a) or on phase with a vertical gate (Panel b). The beam is delivered only when the RPM signal is within this gate 

(Beam On/Off) [Giraud 2006].  

  

 Rescanning (or repainting) is a motion-compensated delivery strategy for scanned particle 

beams, based on a statistical dose averaging effect by multiple irradiations of the expanded PTV per 

treatment fraction with a proportionally reduced dose [Phillips 1992]. Assuming that target and 

beam motion are uncorrelated, the variance of the average dose decreases with a factor of about 

N1 (where N is the number of rescans) compared to a single irradiation. If a sufficient number of 

rescans are applied, the averaging effect will lead to homogeneous dose coverage of the CTV and to 

a blurred dose distribution in the region of the internal margins. Several rescan options have been 

proposed in the last few years, including rescanning of the single iso-energy slices and rescanning 

of the entire volume [Furukawa 2007, Zenklusen 2010]. Specific technological developments to 

avoid temporal synchronism between beam scanning and target motion are required to guarantee 

adequate averaging. For instance, Rietzel and Bert [Rietzel 2010] propose random pauses 

throughout the irradiation process and/or random modulations in the beam extraction, leading to 

changes in the scanning speed. A more effective solution is to incorporate the breathing pattern in 

the rescanning process by using the data from a motion-monitoring system, with the so-called 
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phase-controlled rescanning technique [Seco 2009, Furukawa 2010]. By spreading the rescans 

throughout the respiration period, irradiation is ensured to be executed in each motion phase of the 

respiratory cycle. As shown in Figure 1.22, simulation and experimental results clearly 

demonstrated that phase-controlled rescanning leads to more robust treatment delivery close to the 

expected one, obtaining high dose homogeneity level within the CTV with a minimal increase in the 

treatment time [Seco 2009]. The comparison between static and moving measurements showed 

dose errors less than 2% for pinpoint chambers in the target volume [Furukawa 2010]. 

 

 

Figure 1.22. Experimental results of deterioration of the lateral dose distribution in uniform scanning of an iso-energy 

slice without rescanning (Panel a) and with ten fast rescans during two motion cycles, matching the irradiation time 

with the motion phases (Panel b). The dashed line shows the results without the motion [Furukawa 2010]. 

 

 1.5.3    Tumour targeting 

 The most efficient and potentially most precise motion compensation technique in free-

breathing conditions is real-time tumour targeting, consisting in continuously following the 

tumour’s changing position through the dynamic adjustment of the radiation beam [Murphy 2004]. 

Under ideal conditions, the targeting approach can eliminate the need for internal tumour motion 

margins in the dose distribution, while maintaining a 100% duty cycle for dose delivery, thus with 

no associated increase in the treatment time [Keall 2006]. Tumour targeting requires the 

identification of the target position in real-time and the fast repositioning of the radiation beam 

accordingly, anticipating tumour motion to compensate for system latency and time delays 

associated to target localization and beam adjustment. The real-time detection of the target position 

during treatment is the most important and challenging task in tumour targeting. As described in 
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Section 1.4.1 and 1.4.2, the time-resolved localization of the moving tumour can be achieved 

through direct imaging of the lesion or of implanted fiducial markers and through indirect 

measurements of surrogate breathing signals. Differently from gating and breath-hold approaches, 

targeting techniques require the knowledge of the tumour-surrogate correlation, since the surrogate 

signal is used to estimate the absolute target position. Adaptive filters and prediction algorithms are 

usually required to anticipate tumour position, so that the beam adjustment can be synchronized 

with the exact tumour location [Sharp 2004]. This step is required to compensate for the time delays 

associated to target detection, such as image acquisition and processing, and to the latency of the 

beam-positioning system in response to a change in tumour position. For system delays less than 

0.4 seconds, the respiratory motion can be predicted with an average error of less than 2 mm 

[Vedam 2004]. 

 Regardless of the specific technique applied for target localization, a further issue in tumour 

tracking is represented by the need to dynamically adjust the radiation beam to compensate for the 

detected motion. In this framework, specific solutions for X-ray radiotherapy and particle therapy 

have been proposed. Different approaches for delivering targeted treatments in conventional X-ray 

radiotherapy have been implemented. The first technique is based on dynamic multi-leaf 

collimators, by adapting the setting of the collimator leaves to the tumour's changing position in real 

time during irradiation [Keall 2001]. A few preliminary studies report the use of treatment couch 

movements to compensate for intra-fraction breathing motion. Robotic couch corrections provided 

1 mm tracking accuracy in phantom studies [Buzurovic 2011], though patient discomfort due to the 

continuous applied motion was also reported [Sweeney 2009]. Robotic manipulators for the 

adjustment of the X-ray source position have also been investigated [Schweikard 2000]. Several 

therapy machines based on robotic motion compensation for respiratory tumour tracking in X-ray 

radiotherapy are commercially available, such as the CyberKnife system (Accuray, Sunnyvale, 

California, USA) and the Vero system (Vero GmbH, Germany). 

 The CyberKnife Robotic Radiosurgery system, shown in Figure 1.23, consists of a 

lightweight compact 6 MV linear accelerator mounted on a robotic arm, which can be steered with 

high precision to compensate for the detected intra-fraction tumour movements. The robotic linac is 

able to deliver many independently targeted and non-coplanar treatment beams aligned with the 

moving target. The integrated Synchrony Respiratory Tracking System allows to estimate internal 

tumour motion from an external surrogate breathing signal, derived from a configuration of three 

infrared light-emitters attached to a vest worn by the patient (Figure 1.23). The 3D displacement of 

the surface markers acquired by means of optical tracking stereo-cameras at a frequency of 

approximately 30 Hz is used as surrogate signal. The external-internal correlation model is based on 
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polynomial functions, different for inhalation and exhalation, thus allowing to capture hysteresis or 

phase-offset between tumour and surface motion [Seppenwoolde 2007]. During a training period 

prior to treatment, the correlation model is initialized by simultaneously acquiring the external 

surrogate signal and the internal motion data, by means of stereoscopic X-ray images of the tumour 

or of implanted marker. Internal data are periodically acquired throughout the whole treatment 

duration typically every 3060 seconds [Kilby 2010], to continuously verify and update the motion 

model, thus accounting for inter- and intra-fraction changes in the external-internal correlation. 

During treatment the system can revert to a simple linear model if the value of the respiratory 

surrogate exceeds the range of values observed during training, thus preventing large extrapolation 

errors. An adaptive predictor is used to compensate for system inertia and latency using the history 

of the target movement. Current tolerance levels stated in the vendor’s equipment specifications 

include a robotic manipulator precision of 0.12 mm and an overall targeting accuracy of less than 

0.95 mm for static target and 1.5 mm for target undergoing respiratory motion [Kilby 2010].  

 

 

Figure 1.23. The CyberKnife system, composed by a robotic arm carrying the linear accelerator, two ceiling-mounted 

X-ray sources, two flat-panel detectors on the room’s floor and an optical tracking device. The patient wears the 

Synchrony vest, equipped with three infrared markers. 
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 The Vero system incorporates a novel design in which the X-ray source can pan and tilt on a 

gimbaled mechanism to provide about 4 cm motion correction around the nominal isocenter 

[Kamino 2006]. Similarly to the CyberKnife system, motion correction is accomplished by 

combining infrared tracking of surface surrogates and KV imaging through external-internal 

correlation models. The system lag was quantified within 50 ms and overall tracking errors of 0.82 

mm at 90% confidence level were reported in phantom studies, when latency was compensated by 

forward motion prediction [Depuydt 2011]. 

 Particle therapy with active beam scanning offers excellent conditions for a real-time motion 

compensation by tumour targeting techniques [Schardt 2010]. Individual pencil beams have to be 

adapted not only laterally but also in depth according to the detected tumour motion and to the 

changes in the radiological path-length. On the plane perpendicular to the beam direction, the target 

is tracked by directly correcting the lateral beam position through the steering magnets. Movements 

along the longitudinal beam direction are compensated by using dedicated range shifters [Saito 

2009] or by switching the beam energy at frequencies compatible with breathing [Zenklusen 2010]. 

Real-time tumour targeting for beam scanning systems has been implemented in prototypes and 

promising results from phantom studies are available. One example is the organ motion 

compensator integrated into the carbon-ion therapy system at the GSI [Bert 2007]. The system 

provides real-time motion data feedback to the scanning magnets for lateral motion compensation 

and to a motor-driven wedge degrader to adjust beam energy for variation of the depth range. 

System's speed and accuracy in lateral beam corrections were found less than 1 ms and 0.16 mm, 

respectively [Saito 2009]. A water-equivalence shift of 5 mm in the longitudinal beam direction was 

obtained in 16±2 ms of delay, with tracking errors lower than 1.08 mm [Saito 2009]. Dosimetric 

accuracy assessed with ionization chambers deviates by 1±2% from comparable measurements 

without target motion [Bert 2010]. Another example of a system designed for tumour targeting in 

active scanning proton therapy is the Gantry 2 at the PSI, featuring planar scanning and energy 

switching optimized for the efficient implementation of intra-fraction motion compensation 

strategies [Zenklusen 2010]. 

 Few recent studies report the clinical outcomes of real-time tumour targeting for X-ray 

radiotherapy treatments delivered with the CyberKnife system [Nuyttens 2012]. The1-year and 2-

year overall survival rates of the reported clinical trials proved to increase with respect to SEER 

(Surveillance, Epidemiology, and End Results) statistics by 41.9% and 25.7% for lung cancer, 

30.8% and 19.9% for liver cancer, 22.6% and 10.3% for pancreas cancer, respectively [Riboldi 

2012]. The overall survival at 4.5 years is more than 80% in peripheral NSCLC treated with real-

time tumour tracking [Brown 2009] and is around 40% in central lung metastases [Nuyttens 2012]. 
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The preliminary clinical outcomes in X-ray photon therapy and the reported feasibility of following 

moving targets by means of scanned particle beams are boosting the implementation of new designs 

for particle therapy machines equipped for real-time tumour targeting, with promising perspectives 

for clinical application in the near future. Besides the already available precise control of the 

particle beam, the accuracy and robustness of the present tumour localization methods during 

irradiation need to be further improved to allow for application with active scanning systems 

[Rietzel 2010, Riboldi 2012]. In X-ray radiation therapy, external-internal correlation modelling, 

supported by in-room image guidance and optical localization of marker-based surface surrogates, 

has already been experimentally validated and implemented in new generation treatment machines 

designed for clinical practice. Research is still needed to investigate the benefit of increasing the 

complexity of motion correlation models and the redundancy of surface data, for example by using 

surface imaging techniques to monitor the whole patient's surface, as a way to improve the accuracy 

of tumour localization [Riboldi 2012].  

 

1.6    Project rationale 

 The aims of the PhD project concern the development and experimental evaluation of non-

invasive methods for real-time tumour tracking, allowing the dynamic localization of target position 

during radiotherapy treatments for the continuous monitoring and compensation of intra-fraction 

organ motion due to breathing. The developed strategy exploits the integration of different imaging 

modalities, such as time-resolved planning imaging, in-room X-ray verification systems and 3D 

optical surface tracking devices. The proposed tumour tracking approach is based on external 

respiratory surrogates, inferring tumour motion from the displacement of the patient's thoraco-

abdominal surface, acquired by means of non-invasive optical surface imaging systems. The 

technique relies on patient-specific breathing motion models, derived directly from 4D CT planning 

images and updated at each treatment fraction according to the anatomical variations obtained from 

in-room imaging and optical surface devices. The developed method is mainly designed for a 

possible application with real-time targeting techniques in active beam scanning systems, whose 

clinical implementation is currently limited by the inadequate accuracy and robustness of the actual 

target localization techniques [Rietzel 2010, Riboldi 2012].  

 The developed tumour tracking method features several potential advantages compared to 

the current techniques clinically applied for dynamic tumour localization during radiotherapy 

treatments. Since the surface displacement is acquired by means of non-invasive optical tracking 

systems, the proposed approach allows the continuous monitoring of intra-fraction tumour motion 
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during the whole treatment duration. This differs from direct target tracking techniques based on 

radiographic imaging, which can be applied only for a limited temporal window due to the 

invasiveness of ionizing radiations. In the proposed method, the external surrogate signal is derived 

from the motion of the entire thoraco-abdominal surface of the patient, dynamically acquired by 

using 3D surface imaging systems. This approach allows to capture the complex and detailed 

information of breathing motion coming from an extended surface portion including both thorax 

and abdomen. The surface-based approaches currently employed in the clinical practice for indirect 

tumour tracking are instead based on the acquisition of a discrete number of fiducial markers placed 

on the patient's skin, thus providing an under-sampled description of the surface motion. Finally, the 

developed technique relies on patient-specific correlation models that are directly derived from 

planning 4D CT images and updated at each treatment fraction according to patient's daily data. The 

actual tumour tracking methods do not take into account motion information derived from time-

resolved imaging acquired during planning, that can instead provide a valuable description of the 

target motion pattern during the breathing cycle.  

 The methodological improvements introduced in the developed tumour tracking approach, 

associated to patient-specific breathing motion models and to more detailed surface information, are 

expected to increase the precision of target localization during radiotherapy treatments. The 

enhanced performances are put forward to guarantee the adequate tumour tracking accuracy and 

robustness required for the application of targeting techniques in active particle beam scanning. The 

expected results consist in the clinical extension to extra-cranial moving tumours of active scanning 

particle therapy methods, presently applied only for the treatment of lesions affected by negligible 

intra-fraction organ motion [Bert 2011]. This will allow to potentially exploit for a wider range of 

cancer types the excellent geometrical selectivity and dose conformity of scanned particle beams to 

improve local tumour control and to minimize complications of healthy surrounding tissues. 
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2.    METHODS 

___________________________________________ 

 

2.1    Overview of tumour tracking technique 

 The thesis work consisted in developing and testing a surface-based tumour tracking method 

for the dynamic localization of extra-cranial targets during radiotherapy treatments, providing the 

real-time continuous monitoring of breathing-induced intra-fraction organ motion. The proposed 

approach is based on external surface surrogates estimated from non-invasive optical devices, and 

on patient-specific adaptive motion models derived from time-resolved planning images and in-

room X-ray imaging systems. A schematic representation of the developed tumour tracking method 

is presented in Figure 2.1.  

 

 

Figure 2.1. Flowchart of the proposed tumour tracking method, based on the integration of different imaging 

modalities, such as time-resolved computed tomography acquired during planning, in-room CBCT imaging for patient 

setup verification and 3D optical tracking devices for dynamic surface acquisition during dose delivery. 
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 The 4D CT images acquired during treatment planning are used to estimate a patient-

specific respiratory motion model, describing the tumour movement during all phases of the 

breathing cycle. The model is obtained through deformable image registration, by computing the 

deformation vector fields between each 4D CT phase image and a reference volume. The mid-

position CT image, consisting in a time-weighted average of all 4D CT phases, was chosen as 

reference. The 4D CT motion model is parameterized as a function of the respiratory tumour 

baseline, amplitude and phase. The model parameters are adapted at each treatment session 

according to the inter- and intra-fraction variations in the patient's data obtained by means of in-

room X-ray imaging and optical surface devices. The daily information on tumour localization 

derived from the 3D CBCT image acquired during patient setup is used to update the tumour 

baseline in the 4D CT respiratory motion model, to take into account possible baseline drifts 

between planning and treatment time. The breathing amplitude and phase parameters are instead 

retrieved from the motion of the patient's thoraco-abdominal surface. 

 During dose delivery, the displacement of the patient's external surface is continuously 

acquired by means of non-invasive optical tracking systems, providing a 3D topological model of 

the entire thoraco-abdominal surface. The extraction of a parameterized surrogate breathing signal 

from the external surface motion required different implementation steps (Figure 2.1). Deformable 

mesh registration algorithms are applied to the markerless optical surfaces to derive the spatial 

correspondence between consecutive meshes, thus obtaining the breathing trajectories of all surface 

points in the three dimensions. The motion information coming from all surface points is 

summarized in a single surrogate respiratory signal, taking into account both the thoracic and the 

abdominal breathing patterns. The instantaneous values of the respiratory amplitude and phase 

parameters associated to each surface frame are extracted from the surrogate signal and adapted 

according to the difference in surface breathing motion between planning and treatment time. The 

updated respiratory baseline, amplitude and phase parameters are given in input to the 4D CT 

motion model to estimate indirectly the three-dimensional tumour trajectory during the whole 

treatment course. 

 Figure 2.2 shows the methodological approach developed for the experimental evaluation of 

the proposed tumour tracking technique. The strategy relies on the synchronized acquisition of 

internal and external breathing motion information from lung cancer patients. The displacement of 

the patient's thoraco-abdominal surface is captured by non-invasive optical tracking systems 

synchronously with a rotational cone-beam CT scan, providing a sequence of 2D projections of the 

internal anatomy. According to the described tracking approach, the lesion trajectory is indirectly 

estimated from the external surface motion using the breathing model derived from the 4D CT 
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planning images of the patient. The tracking accuracy of the proposed method is evaluated by 

comparing the estimated tumour motion with the real lesion trajectory directly identified on CBCT 

projections.  

 

 

Figure 2.2. Methodological approach for the experimental testing of the developed tumour tracking technique, based on 

the comparison between the lesion trajectory estimated from the patient's external surface motion and the real lesion 

trajectory identified on the synchronously acquired CBCT projections. 

 

2.2    Patient-specific breathing motion model 

 As depicted in Figure 2.1, the developed tumour tracking approach exploits a breathing 

motion model to predict the internal tumour position from the displacement of the external thoraco-

abdominal surface. We propose to make use of the patient-specific motion information contained in 

the time-resolved imaging data acquired during treatment planning to derive a respiratory model 

that describes the tumour motion during the breathing cycle. As described in Section 1.2.1.2, the 

planning of radiotherapy treatments for lesions affected by intra-fraction respiratory motion usually 

involves the acquisition of a 4D computed tomography of the patient's thoraco-abdominal district, 

providing high-resolution volumetric images of the internal anatomy for a finite number of 

breathing phases (typically ten). 4D CT imaging data include valuable anatomical information 

about the respiration-induced motion of all thoracic and abdominal structures. We propose to 

exploit 4D CT planning data to estimate a patient-specific tumour motion model to be applied for 

real-time target tracking and motion compensation during radiotherapy treatments. 

 

 2.2.1    Model estimation from 4D CT data 

 The proposed breathing motion model is estimated from planning 4D CT images through 

registration-based methods, described in Section 1.3.2. In the selected approach, the tumour motion 

during the breathing cycle is described by the deformation vector fields computed through 
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deformable registration applied to the 4D CT image dataset. Due to the elastic nature of lung 

tissues, deformable image registration is needed to register a pair of pulmonary CT images. B-spline 

deformable registration algorithms were used for the present application, exploiting the efficient 

native implementation provided by the open-source software package Plastimatch 

(www.plastimatch.org) [Sharp 2009]. As introduced in Section 1.2.1.1, B-spline deformable 

registration uses B-spline basis functions to parameterized the deformation vector field that maps 

the voxels in the target moving image to those in the reference fixed image. The displacement 

vector of each individual voxel is obtained by interpolating the coefficients of piecewise cubic B-

splines, defined on a set of uniformly-spaced control points. The registration process is an 

optimization problem where B-spline coefficients are refined iteratively until the warped moving 

image closely matches the reference image. The optimization process requires the computation of 

the gradient of a cost function, that quantifies the similarity between the fixed and the moving 

images, with respect to the coefficient values at each individual control point. B-spline registration 

algorithms are popular due to their flexibility and robustness both for uni-modal and multi-modal 

images, but they can result computationally intensive [Rohde 2003]. Plastimatch uses a grid 

alignment scheme that can significantly accelerate the time-consuming B-Spline interpolation and 

gradient computation stages, thus speeding up the registration process [Shackleford 2010, Sharp 

2010]. As shown in Figure 2.3, the B-spline control point grid is aligned with the voxel grid, 

partitioning the image volume into many equally-sized tiles. In the 3D case, the vector field at a 

specific voxel within a tile is influenced by the 64 control points in the tile’s immediate vicinity and 

by the value of the B-spline basis function product, which is dependant only on the voxel’s local 

coordinates (offset) within the tile (Figure 2.3). This property allows to pre-compute all relevant B-

spline basis function products once, instead of recomputing them for each individual tile. 

 The use of the Plastimatch implementation of the B-spline registration algorithm for the 

estimation of the 4D CT breathing motion model required the selection of several parameters and 

options, specified in the registration command file. The mean square error was chosen as similarity 

metric to define the cost function of the optimization process, since the registration of uni-modal CT 

images is involved. The cost function is optimized using the L-BFGS-B algorithm, an efficient 

quasi-Newton limited-memory method for solving large non-linear optimization problems, either 

constrained or unconstrained [Zhu 1997]. A regularization term, based on the second derivative of 

the vector field, is added in the cost function to increase the smoothness of the registration. The λ 

parameter that controls the regularization term was set to 0.005, whereas the maximum number of 

iterations in the optimization process was set to 30. In order to increase the accuracy of registration 

and to reduce the risk of convergence to local minima, a multi-stage down-sampling approach was 
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adopted, by progressively refining the B-spline registration parameters in four consecutive stages. 

The resolution used to subsample both input volumes before running the registration was decreased 

from 4 voxels along each image dimension to the original voxel size, whereas the spacing between 

the control points of the B-spline grid was reduced from 80 to 5 voxels. The deformation vector 

field approximated at a coarser stage with down-sampled images is used as input for finer stages, 

thus improving the convergence probability of the registration process towards the correct solution.  

 

 

Figure 2.3. Example of a B-spline control point grid aligned with the image voxel grid. Since both the marked voxel 

and the gray voxels are located at the same relative offset within their respective tiles, the B-spline basis function 

products evaluated at these two voxels yield identical values [Shackleford 2010]. 

 

 The patient-specific breathing motion model is estimated from the 4D CT planning dataset 

by non-rigidly registering each 4D CT phase image to a reference volume. The presence of artefacts 

in the reference image may have larger impact on the accuracy and robustness of the computed 

motion model. To reduce the bias caused by the choice of the reference, several approaches have 

been proposed, including the use of multiple references [Boldea 2008] or the combination of all 4D 

CT phase images to generate the reference volume. We chose this last solution, by considering as 

reference the mid-position (MidP) CT image, which represents a time-weighted average of all 4D 

CT phase volumes [Wolthaus 2008]. The overall procedure for the estimation of the 3D MidP CT 

image from the 4D CT scan is depicted in Figure 2.4. For each frame of the 4D CT dataset, we 

compute the deformation vector field with respect to the end-exhale 4D CT frame, which was 

chosen due to the higher reproducibility of tumour position compared to the other frames. The mean 

motion of all image voxels during the breathing cycle is calculated by averaging the estimated 

DVFs. A set of mean-corrected deformation vector fields is derived by subtracting the mean motion 
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from each DVF. The mean-corrected DVFs are then applied to the original 4D CT scan, 

transforming each frame into the time-weighted mean position. The resulting set of motion-

compensated 4D CT images is finally averaged to obtain the mid-position CT volume, where all the 

internal structures, including the tumour, assume the exact time-weighted mean position within the 

4D CT respiratory cycle. The median average is chosen instead of the standard arithmetic mean for 

the reconstruction of the MidP CT image since it was proved to be more robust against mis-

registration artefacts [Wolthaus 2008]. The MidP scan was found to contain about one-third of the 

noise and scanning artefacts of the individual 4D CT frames. The tumour shape compared to a 

breath-hold CT scan was also better represented by the MidP reconstruction than by any other 4D 

CT image [Wolthaus 2008]. 

 

 

Figure 2.4. Overview of the procedure for the reconstruction of the mid-position CT image. The physical motion in the 

4D CT scan is estimated from each frame and subsequently compensated to the time-weighted mean position. The 3D 

MidP CT scan is obtained by averaging the motion-compensated 4D CT images [Wolthaus 2008]. 

 

 To improve the local registration accuracy and to reduce the computational cost, the 4D CT 

breathing motion model is estimated only for the tumour volume of interest (VOI). VOI size are 

defined by adding a uniform margin of 2 cm in each spatial direction to the tumour extent derived 

from the clinical GTV contours. Tumour VOI is extracted from the reconstructed mid-position CT 

and from all 4D CT phase images. B-spline deformable registration is then applied between the 

MidP and each 4D CT frame VOI, using the described parameters. The resulting deformation vector 

fields defined the patient-specific breathing model, describing tumour motion in each phase of the 

respiratory cycle with respect to the time-weighted mean position. The parameterization of the 

breathing motion plays an important role because it is directly related to the number of degrees of 

freedom considered for the characterization of the model. In the proposed modelling approach, the 

respiratory tumour motion is decomposed into three main parameters, represented by baseline, 
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amplitude and phase (Figure 2.5). The baseline consists in the time-weighted mean position 

assumed by the tumour during the whole breathing cycle. The angular position within the 

respiratory cycle is defined by the phase parameter, while the amplitude represents the distance 

between the tumour position at a specific phase and the breathing baseline. As shown in Figure 2.5, 

tumour location at a defined breathing phase is obtained by interpolating target positions assumed in 

the 4D CT images and multiplying the corresponding amplitude by a scaling factor, which allows to 

model respiratory states that are outside the tumour trajectory followed during the 4D CT scan. The 

breathing motion model can be represented by the following equation:  

 Dss ,
 ,      (2.1) 

where sϑ,α is the target position at specific values of the respiratory phase ϑ and amplitude α 

parameters, s is the tumour baseline and Dϑ is the distance between s  and the position assumed by 

the tumour at that specific phase during the 4D CT scan. 

 

 

Figure 2.5. Schematic representation of the main breathing parameters that characterize the proposed 4D CT tumour 

motion model. The time-weighted mean position assumed by the tumour during the respiratory cycle is represented by 

the red circle ( s ). Tumour location at a specific breathing phase ϑ (green circle) is obtained by interpolating target 

positions estimated in the 4D CT frames (white circles) and multiplying by the scaling amplitude parameter α the 

distance Dϑ between the tumour position at that phase and the breathing baseline.  

 

 2.2.2    Daily adaptation of baseline parameter 

 Since several weeks may elapse between treatment planning and the end of treatment 

delivery, breathing variability in short as well as longer terms need to be take into account in motion 

modelling. Both intra- and inter-fraction variations in the patient's internal anatomy and in the 

respiratory pattern may occur. The adaptation of the breathing parameters (baseline, amplitude and 

phase) of the motion model estimated from 4D CT planning images according to the patient's daily 

situation at each treatment session is required to guarantee the adequate accuracy and robustness of 

the proposed tumour tracking method. Figure 2.6 shows a schematic representation of a breathing 
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trace, influenced by different types of motion variability with distinct time-spans, ranging from 

seconds to weeks. Intra-cycle variability, due for example to changes in the respiratory frequency or 

in the duration of inhale or exhale phases during a single breathing cycle, is mainly accounted by 

variations of the phase parameter. The respiratory level can also change irregularly from one cycle 

to another (inter-cycle variability), causing differences in the end-inhale or end-exhale peak 

positions and in the shape of the trajectory followed during inspiration or expiration. This type of 

variability is accounted in the breathing motion model by variations of the amplitude parameters. 

Systematic drifts or progressive time-trends can finally occur in the respiratory mean position, 

which are taken into account through variations of the baseline parameter. Systematic shifts are 

mainly caused by patient positioning errors and by changes in muscle tone or stomach filling, while 

time-trends are instead attributed to the gravity action on compliant lung tissues or to patient 

relaxation throughout the treatment [Shirato 2004].  

 

 

Figure 2.6. Illustration of possible variations of the breathing motion parameters (p = phase, a = amplitude, b = 

baseline) that can occur within the same respiratory cycle (intra-cycle variability) or among different cycles (inter-cycle 

variability). 

 

 In the proposed tumour tracking application, baseline time-trends and phase or amplitude 

variations with respect to the 4D CT breathing motion model are retrieved from the external surface 

motion acquired during treatment delivery by means of optical systems, as will be described in 

detail in Section 2.3.3. Systematic baseline shifts are instead estimated from in-room volumetric X-

ray imaging, acquired at the beginning of each treatment session for patient setup verification. 

Substantial drifts in the mean target position have been reported by several studies in all three 

dimensions, potentially involving large dosimetric impact if not properly accounted for 

[Seppenwoolde 2002, Sonke 2008]. An example of tumour baseline shifts between planning and 

treatment phases is depicted in Figure 2.7a.  
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Figure 2.7. Overlap of the tumour VOIs extracted from CBCT volume (in purple) and from MidP CT image (in green) 

before (Panel a) and after (Panel b) applying B-spline deformable registration. The tumour baseline shifts between 

planning and treatment phases are properly recovered through the developed registration-based approach. 

 

 The adaptation of the tumour baseline in the 4D CT breathing motion model required the 

daily assessment of the patient's internal anatomy. Different types of in-room X-ray imaging 

techniques can be applied to retrieve the anatomical information on the daily configuration of the 

thoraco-abdominal structures, including the lesion. For example, X-ray stereo-projections, clinically 

available in most radiotherapy and particle therapy centres, provide the required 3D information on 

tumour and OAR localization during treatment. In the present study, we developed a specific 

baseline adaptation strategy based on the CBCT volume reconstructed from the 2D projections 

acquired before each treatment fraction for patient setut. The 3D CBCT image can be considered 

analogous to the mid-position CT image, since it represents a time-weighted average of the 

breathing cycles performed during the cone-beam CT scan. At each treatment session, the shifts of 

the tumour baseline with respect to the planning 4D CT scan are computed as the deformation 

vector field between the reconstructed CBCT volume and the mid-position CT image. B-spline 

registration algorithms are applied to the tumour VOIs extracted from the two images. A multi-

stage registration process is used, similarly to the previously described approach. The only 

difference concerns the similarity measure that defines the cost function to be optimized. Since in 

the actual case multi-modal images with different intensity ranges are involved, we select as metric 

the normalized mutual information, using the Plastimatch implementation of the Mattes mutual 

information [Mattes 2001]. Figure 2.7b shows the resulting overlap between the CBCT volume and 
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the deformed mid-position CT after applying B-spline registration. The deformed MidP represents 

the updated tumour baseline that is given in input to the 4D CT breathing motion model, thus 

correcting for possible inter-fractional variations in the patient's anatomo-pathological configuration 

with respect to the planning phase. 

 

2.3    External surface motion tracking  

 As shown in Figure 2.1, the breathing amplitude and phase parameters required in input to 

the 4D CT motion model for the estimation of the internal tumour position are retrieved during 

treatment from the patient's external surface, dynamically acquired by means of optical surface 

imaging. External motion tracking is a key aspect in radiotherapy treatments, especially when 

applied to extra-cranial sites where breathing motion is relevant [Keall 2006]. Real-time optical 

tracking systems offer a non-invasive way to monitor the intra-fraction motion of the patient's 

surface, allowing to capture the complex and detailed breathing information coming from an 

extended portion of the thoraco-abdominal surface. Laser-based or video-based surface scanning 

devices, described in Section 1.4.2.2, provide the reconstruction of a 3D surface model as a function 

of time, without the use of passive markers. However, markerless optical acquisitions suffer from 

the lack of spatial correspondence between points of consecutive surfaces, which hinders the direct 

measurement of multi-dimensional breathing motion at specific surface landmarks. This is due to 

the fact that surface detection is performed by projecting laser beams or structured-light patterns 

over a moving surface from a fixed point of view. This implies changes in the geometrical 

representation of the surface over time, meaning that vertices and edges of the meshes acquired at 

different timestamps vary.  

 Motion tracking from markerless optical surface acquisitions can be derived by applying 

mesh registration algorithms to establish the spatial correspondence between surface points from a 

time-series of dynamic meshes. When the thoraco-abdominal surface is considered, registration 

procedures need to account for a deformation model to adequately describe the motion due to 

breathing. This means that the transformation that warps each vertex of the source surface onto its 

corresponding point on the target surface is not rigid. The existing optical tracking systems 

currently implement rigid surface fitting procedures which provide a global surface motion, without 

taking deformation effects explicitly into account [Schöffel 2007]. This approach does not allow to 

capture local surface transformations and complex breathing motion patterns, which generally vary 

for different regions of the thoraco-abdominal surface. One of the most well-known algorithms for 

surface registration is the Iterative Closest Point (ICP), which is based on the iterative minimization 
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of the distance between two sets of 3D points [Besl 1992]. The procedural steps of the ICP 

algorithm consist in associating points using the nearest-neighbour criteria, estimating the 

transformation parameters based on a root-mean-square cost function, transforming the points using 

the estimated parameters and iterating the procedure till convergence is achieved. The ICP 

technique is limited to global rigid (translation and rotation) or affine (scaling, shearing and 

reflection) transformations.  

 Feldmar and Ayache [Feldmar 1996] were among the first to propose a method that allows 

for deformable surface registration. They initially perform regular ICP to get a rough alignment 

between the source and the target meshes. They then relax the rigidity constraint by computing 

affine transformations for spherical subsets of the source surface. Regularization is performed by 

geometrically smoothing the resulting affine transforms. Allen et al. [Allen 2003] proposed a 

regularization term based on connectivity rather than spatial proximity. The optimization problem is 

formulated by assigning an affine transform to each surface vertex, with a global constraint 

penalizing large differences between transformations of connected points. Amberg et al. [Amberg 

2007] showed that this problem can be solved directly using a least-squares approach. The resulting 

algorithm resembles ICP since it optimizes surface point correspondences sequentially, with the 

difference that it searches for one affine transformation per vertex of the source mesh instead of a 

global transformation. Similarly to the presented approaches, we implemented a deformable mesh 

registration algorithm for the estimation of the spatial correspondence between surface points from 

subsequent meshes obtained with a markerless optical device [Schaerer 2012]. The algorithm was 

applied to extract the multi-dimensional breathing motion of the thoraco-abdominal surface, taking 

into account the deformation induced by respiration.  

 

 2.3.1    Deformable surface registration algorithm 

 The implemented deformable surface registration approach is an extension of the optimal 

step non-rigid ICP method proposed by Amberg et al. [Amberg 2007], based on a locally affine 

regularization. The standard ICP algorithm consists in the iterative optimization of a global 

transformation that minimizes the distances between two sets of 3D points. At each iteration step, 

each vertex vi of the source surface S is matched to the closest vertex ui of the target surface T. The 

corresponding displacements are used to estimate a global rigid or affine transformation, using a 

linear least-squares approach. The extension of this process to cope with deformation implies the 

estimation of one affine transformation Xi for each vertex in S. The general cost function is 

composed by a distance term, minimizing the distance between the deformed source Xivi and the 
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target surface, and a regularization term, penalizing the difference among the transformations of 

neighbouring vertices. The distance term Ed is expressed by the following equation: 
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where V is the set of source vertices and wi are the weights attached to each vertex. The weights wi 

are set to 1 if a minimal distance correspondence is found and 0 otherwise. In order to ensure the 

convergence of the algorithm towards the correct solution and to avoid false registration, specific 

constraints are introduced, choosing reasonable thresholds for the proposed application. Unrealistic 

surface point correspondences are excluded by verifying the following criteria: 

 the estimated displacement should not be too tangent to the surface, with a maximum 

deviation angle from the surface normal of 30°; 

 the displacement norm should not exceed a fixed limit, equal to 10 cm; 

 the angular difference between the source and the target surface normals should be lower 

than 30°. 

 The issue of assigning an affine transformation to each vertex of the source mesh makes the 

cost function under-constrained and the optimization problem ill-posed. In order to overcome this 

drawback, an additional regularization term is considered in the overall cost function, by adding 

constraints to the free variables in the Xi transform set. The constraints represent the transition 

smoothness across adjacent transforms, which can be modelled as: 
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where ε is the set of edges of S and α is the stiffness weight that modulates the capability of the 

surface to deform. This term is used to penalize the difference between the transformations of 

neighbouring vertices under the Frobenius norm || ||F, thus regularizing the surface deformation and 

correctly constraining the equation system. The general cost function is derived by summing up 

equations (2.2) and (2.3), that can be rearranged to obtain the linear equation system: 

   2 

F
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which is solved directly using a least-squares approach. In order to compute an efficient solution for 

the resulting linear system, the matrix A is factorized using the Cholesky decomposition, consisting 

in decomposing a symmetric positive-definite matrix into the product of a lower triangular matrix 

and its conjugate transpose. 

 The implemented non-rigid ICP algorithm is composed by two iterative loops. In the outer 

loop, the stiffness factor α is gradually decreased with uniform steps, starting from higher values, 
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which enable to recover an initial rigid global alignment, to lower values, allowing for more 

localized deformations. For a given value of α, the problem is solved iteratively in the inner loop. 

At each step, the closest point on the target mesh is computed for each point in the source surface 

and the optimal set of affine transformations for this correspondence is estimated. Figure 2.8 shows 

a detail of an intermediate inner step of the registration. The inner iterative process stops when the 

norm of the difference between two consecutive transforms is lower than a threshold δ. The 

convergence threshold is adapted for each outer loop step, setting δ equal to a constant fraction of 

the norm of the transform difference computed in the first inner iteration. The implementation of the 

deformable registration algorithm was realized through own software developed in C++, whereas 

Eigen libraries were used to solve the linear system for the estimation of surface point 

transformations. 

 

 

Figure 2.8. Iterative process of the deformable registration algorithm, in which the source surface S (green) is deformed 

by locally affine transformations Xi onto the target surface T (red). The closest points ui for each displaced source vertex 

Xivi is determined and the optimal deformation is found for the stiffness used in this iteration. The process is repeated 

with lower stiffness values until a stable state is found. 

 

 The implemented deformable surface registration algorithm is applied to the time-series of 

the patient's thoraco-abdominal surfaces optically acquired during radiotherapy treatments for 

external breathing motion tracking. The first surface captured by the optical imaging system at the 

beginning of each treatment fraction is taken as the reference source mesh for deformable 

registration. As illustrated in Figure 2.9, a region of interest is selected in the reference mesh, by 

considering the intersection between the external surface portions scanned in the planning CT and 

optically acquired during treatment. The resulting reference ROI includes the patient's thorax and 

the upper part of the abdomen, excluding the regions not involved in the respiratory motion, such as 

the arms and the head.  
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Figure 2.9. Thoraco-abdominal region of interest (red mesh) selected as the intersection between the patient's surface 

acquired with the optical system during treatment (grey mesh) and the surface extracted from the CT planning image 

(blue mesh). 

 

 Since the accuracy and robustness of the registration algorithm is strongly influenced by the 

presence of noise and artefacts (such as scanner errors) in the reference source mesh, a pre-

processing stage is applied to the selected thoraco-abdominal ROI. Surface pre-processing is 

performed using the Geomagic Studio software and includes the following steps:  

 noise reduction, by moving surface points to statistically correct locations;  

 hole filling, by filling the mesh gaps caused by sparse point data; 

 spike removal, by detecting and flattening single-point spikes and sharp edges; 

 surface smoothing, by minimizing the angle between adjacent triangles and by conforming 

the triangle size; 

 mesh repair, by reversing back-facing triangle normals. 

An example of original and pre-processed reference meshes is reported in Figure 2.10. The patient's 

optical surfaces of the time-series acquired during treatment are registered to the reference source 

ROI using the implemented deformable registration algorithm. The number of outer iterative loops 

was set to 10, decreasing the stiffness parameter from a starting values of 150 to an end value of 1. 

The proposed method allows to retrieve the point-by-point correspondence between consecutive 

optical surfaces, thus obtaining the 3D trajectory of the generated correspondent surface points. The 

multi-dimensional breathing motion of the thoraco-abdominal surface is therefore derived from 

markerless optical imaging, taking into account thorax and abdomen deformations induced by 

respiration. 
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Figure 2.10. Patient's external surface acquired with the VisionRT optical surface imaging system (Panel a) and 

corresponding thoraco-abdominal ROI after the pre-processing step, which allows to smoothly fill the surface holes 

(Panel b).  

 

 2.3.2    Synthesis of surrogate breathing signal 

 The motion trajectories of the points of the patient's external surface derived with the 

implemented deformable registration algorithm are summarized in a single overall signal, in order 

to retrieve a robust and reliable respiratory surrogate for real-time tumour tracking applications. For 

each surface point belonging to the selected thoraco-abdominal ROI, a mono-dimensional signal is 

derived by computing the time-series of the distance from the lowest position assumed by the single 

points, taking into consideration all the three spatial directions of surface motion. The distance 

signals obtained from all ROI points are then synthesized in a unique breathing motion surrogate. 

Different approaches for summarizing the respiratory information coming from all surface points 

were investigated and compared, including Principal Component Analysis (PCA), k-means 

clustering and Self-Organizing Map (SOM). 

 

 2.3.2.1    Principal component analysis 

 Principal component analysis is a widespread statistical technique for finding similarity or 

difference patterns in a dataset consisting of a large number of inter-related variables, thus reducing 

the dimensionality with minimal loss of information [Jolliffe 2002]. It is based on an orthogonal 

linear transformation that converts a set of dependent observations into a set of linearly uncorrelated 

variables, called principal components. This transformation is defined so that the first principal 

component has the largest possible variation, namely it accounts for the most of the variability in 

the input data. The original dataset is transformed into a new coordinate system such that the 
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greatest variance for any projection of the data lies on the first coordinate, the second greatest 

variance on the second coordinate, and so on. Each principal component is a linear combination of 

the original variables and all the principal components are orthogonal to each other, so there is no 

redundant information. PCA results are expressed in terms of component scores and loadings. 

Scores are the transformed variables corresponding to the original data represented in the principal 

component space. Loadings are the principal component coefficients, namely the weight by which 

each original variable should be multiplied to get the component score [Abdi 2010].  

 PCA is obtained through eigenvalue decomposition of the data covariance matrix, after 

mean subtraction and normalization of the input data. Given the m-by-n input matrix X, where each 

of the n columns (variables) represents a different repetition of the experiment and each of the m 

rows (observations) gives the results obtained for each repetition, the covariance matrix of X is 

computed as: 

TXXC  .                                                                 (2.5) 

The reduced-dimensionality representation of the input data X in the principal component space is 

given by:  

XAY T ,                                                                (2.6) 

where columns of the orthogonal matrix A are the eigenvectors of the covariance matrix C. The 

eigenvalues of the covariance matrix of X represents the variance of the original data explained by 

each principal component. Given a set of 3D points, as shown in Figure 2.11, the first principal 

component corresponds to a line that passes through the mean value and minimizes the sum of 

squares of the distances of the points from the line. The second principal component corresponds to 

the same concept, after all correlation with the first principal component has been subtracted from 

the points. 

 

 

Figure 2.11. Plot of a 3D point cloud and overlay of the respective first two principal components (PC1 and PC2). In the 

new transformed coordinate system, the greatest variance for any projection of the input data lies on the first coordinate 

(PC1), while the second greatest variance lies on the second coordinate (PC2). 
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 2.3.2.2    K-means clustering 

 K-means clustering is one of the most commonly applied methods for data partitioning, 

which refers to the process of grouping similar data into the same cluster or splitting dissimilar data 

into different clusters according to some predefined criteria [MacQueen 1967]. Given a set of m 

data points X = {x1, x2, ..., xm}, where each data point is a n-dimensional vector, the k-means 

clustering algorithm aims to partition the m data points into k clusters C = {c1, c2, ..., ck}, as 

illustrated in Figure 2.12, so as to minimize an objective function of dissimilarity [Hartigan 1979]. 

The objective function is represented by the within-cluster sum of squared errors, using as metric 

the Euclidean distance between a data point vector xi in the cluster j and the corresponding cluster 

centroid vj. The set of cluster centroids V = {v1, v2, ..., vk} is computed as the mean value of the data 

points belonging to each cluster. The objective function to be minimized is represented by:  

 
 











k

j

m

i

jiij vxuVXJ
1 1

2

),( ,                                                   (2.7) 

where uij defines the membership of the data point xi to the cluster cj: 
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The centroid of all the data point vectors in cluster cj can be computed as: 
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is the size of the cluster cj.  

 

  

Figure 2.12. Result of partitioning a 3D point dataset into three clusters with the k-means clustering algorithm.  
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 Given an initial set of k cluster centroids, obtained by randomly selecting k data points from 

X, the k-means algorithm proceeds by alternating between the following two steps: 

 assignment step, that assigns each data point to the cluster with the closest centroid, thus 

determining the membership matrix U; 

 update step, in which the cluster centroid are updated as the mean of all the data points 

assigned for that cluster.  

These two steps are iteratively repeated until the cluster centroids no longer vary or until there is no 

significant change in the J values of two consecutive iterations. Since the k-means clustering output 

may be influenced by the initial selection of the cluster centroids, the algorithm is usually run 

multiple times with different starting conditions, selecting as optimal solution the one associated to 

the lowest value of the within-cluster sum of point-to-centroid distances. In the present application 

we chose to replicate the clustering algorithm 10 times, varying the initial set of cluster centroid 

positions to increase the method robustness. 

 

 2.3.2.3    Self-organizing map 

 Self-organizing maps are a type of artificial neural network that is trained using 

unsupervised learning to produce a low-dimensional discretized representation (map) of the input 

space of the training samples [Kohonen 1982]. SOM algorithm uses a neighbourhood function to 

preserve the topological properties of the input space, providing a spatially organized representation 

of various features in the input data. A self-organizing map consists of components, called nodes or 

neurons, that are associated to a specific position in the map space and to a weight vector of the 

same dimension as the input data vectors. The SOM describes a transformation from a higher 

dimensional input space to a lower dimensional map space. The usual arrangement of map neurons 

is a two-dimensional regular spacing in a hexagonal or rectangular grid. Similarly to most artificial 

neural networks, SOMs operate in two modes:  

 training, that is the process to build the map using the input examples;  

 mapping, which automatically classifies a new input vector, finding the node with the 

closest weight vector, namely the weight vector with the smallest distance metric to the data 

space vector.  

 The goal of SOM training is to associate output nodes with groups in the input dataset, 

causing different parts of the network to respond similarly to certain input patterns. The weights of 

the neurons are either initialized to small random values or sampled uniformly from the input data 

space. Training is based on unsupervised competitive learning, by feeding iteratively the network 
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with a large number of example vectors, representing as close as possible the kind of vectors 

expected during mapping [Van Hulle 1997]. For each training example, the Euclidean distance 

between the input vector and the weight vectors of all neurons is computed. The neuron whose 

weight vector is most similar to the input vector is called the best matching unit (BMU). The 

weights W of the BMU and of the neighbouring nodes in the map are adjusted towards the input 

vector I, thus conforming the winning neurons to the given training data. At iteration t, the new 

weights of the selected nodes are updated as follows: 

W t 1 W t ϴ t L t I t W t 2.10) 

where I t W t is the difference between the node weight and the input vector, L t is the current 

learning rate of the SOM, which decreases exponentially with time, and ϴ t is the neighbourhood 

function. As depicted in Figure 2.13, the alteration of the node weights is inversely proportional to 

the distance d between the neuron and the BMU according to the following neighbourhood 

function:  
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The radius σ of the BMU's neighbourhood is progressively decreased with time by an exponential 

decay: 

 /
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where σ0 is the radius of the map and λ is a time constant, computed as the ratio between the total 

number of iterations and the map size. 

 

 

Figure 2.13. Effect of the neighbourhood function in the SOM algorithm. Starting from a perfect node arrangement in a 

squared map (full lines), the weights of the neurons nearest to the current input (indicated with the cross) receive the 

largest alteration, resulting in the updated map (dashed lines). 

 

 The three presented approaches were tested and compared for the synthesis of a single 

respiratory surrogate signal from the trajectory of all surface points in the thoraco-abdominal 
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region. The input matrix was organized by considering each point as a different variable, while the 

observations were represented by the time-series of the distance of each point from its lowest 

position during optical surface acquisition. The respiratory surrogate was derived from the 

algorithm outputs, represented by the coefficients of the principal components for the PCA 

approach and by the positions of the cluster centroids or map neurons for the k-means or SOM 

techniques. All the three investigated methods were implemented using specific toolboxes available 

in Matlab (The Matworks, Natik, MA, USA).  

 K-means clustering was also applied to investigate the spatial variability of breathing 

surface motion, since it allows to group surface point trajectories according to their motion pattern. 

As will be further explained in the Experimental testing chapter, the cluster analysis revealed that 

the external surface can be mainly divided in two regions with different breathing patterns. As 

shown in Figure 2.14, the two clusters are mainly localized in the thoracic and abdominal areas, 

confirming the anatomical partition of the chest wall in two separate compartments (abdomen and 

rib cage), usually featuring different respiratory kinematics in terms of motion amplitude and phase 

shift [Aliverti 2001]. According to the obtained results, for the k-means and SOM approaches, the 

surrogate breathing signal was computed as the linear combination of the motion trajectories of the 

first two clusters and of the first two neurons, respectively. In case of PCA analysis, the coefficients 

of the first two principal components were instead combined according to the respective explained 

variance of the input dataset. Based on the results of the comparative analysis reported in the 

Experimental testing chapter, k-means clustering was selected as the optimal algorithm for the 

synthesis of the surrogate breathing signal from the external optical surface acquisitions for tumour 

tracking applications.  

 

 

Figure 2.14. Panel a shows the spatial distribution of the first two clusters obtained by applying k-means algorithm to 

the trajectories of the surface points in the thoraco-abdominal region. Panel b depicts the breathing motion signals 

associated to each centroid of the two clusters. 
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 2.3.3    Extraction of respiratory parameters 

 In the proposed tumour tracking application, the respiratory amplitude and phase parameters 

required as input to the 4D CT motion model for the indirect estimation of tumour position during 

treatment are retrieved from the surrogate breathing signal derived from the patient's external 

surface displacement. To take into account possible differences in the respiratory motion patterns 

between planning and treatment phases, the surface motion acquired with optical tracking systems 

during each treatment fraction is compared to the displacement of the external surface derived from 

the 4D CT scan. This process requires the extraction of the patient's thoraco-abdominal surface 

from each of the 4D CT image of the planning dataset. Threshold-based segmentation algorithms 

are applied to binarize the volume portion in the 4D CT images corresponding to the patient's body. 

The open-source Matlab-based "iso2mesh" toolbox [Fang 2009] was used for the extraction of the 

3D triangular meshes from the binarized CT volumes. The applied meshing algorithm is based on 

Delaunay refinement [Shewchuk 2002], a technique for generating unstructured meshes of triangles 

using the Delaunay triangulation as geometric construction criteria, which is refined by the insertion 

of additional vertices. The placement of these vertices is chosen to enforce boundary conformity 

and to improve the mesh quality.  

 

 2.3.3.1    4D CT mesh generation 

 In two dimensions, a triangulation of a set V of vertices is a set T of triangles whose edges 

do not intersect each other and whose union completely fills the convex hull of V. The Delaunay 

triangulation D of a vertex set maximizes the minimum internal angle among all possible 

triangulations. Given two vertices u and v of V, the edge uv is said Delaunay if there exists an empty 

circle that passes through u and v that does not contain any vertex of V. The triangle composed by 

Delaunay edges has the property to have an empty circumcircle, namely no vertex of the 

triangulation is enclosed in the circle that passes through all its three vertices. In three dimensions, 

the Delaunay condition corresponds to the requirement that the circumscribed spheres of all 

triangles have empty interiors. For our application, the maximum radius of the Delaunay sphere 

used for mesh generation was set to 5 mm. Delaunay refinement algorithms are based on the 

insertion of new vertices in the Delaunay triangulation, until the mesh meets constraints on element 

quality and size [Chew 1993, Ruppert 1995]. As shown in Figure 2.15, vertices are inserted at the 

circumcenter of a triangle of poor quality, which is therefore eliminated by the refinement process 

because its circumcircle is no longer empty. Poor quality is associated to triangles whose 

circumradius-to-shortest edge ratio, equivalent to the radius of the circumsphere divided by the 
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length of the shortest edge of the triangle, is greater than a specific bound B. Each of the new 

triangle edges has length at least B times that of the shortest edge, thus obtaining a uniform mesh 

that is size-optimal and topologically well-posed.  

 

 

Figure 2.15. Delaunay refinement algorithm provides that any triangle whose circumradius-to-shortest edge ratio is 

larger than a specific threshold is split by inserting a vertex at its circumcenter [Shewchuk 2002].  

 

 The applied mesh generation algorithm provides as output the meshes corresponding to the 

patient's thoraco-abdominal surface at each breathing phase of the 4D CT scan (Figure 2.9). The 

mesh are composed by 3D vertices connected to form Delaunay triangles. For each triangle, the 

surface normal is calculated as the vector cross product of two edges of the triangle. The estimation 

of the respiratory amplitude and phase parameters from the external surface displacement requires 

the comparison between the breathing surrogate signal extracted from the optical surfaces acquired 

during treatment and the surface motion signal derived from the planning 4D CT scan. To allow the 

comparison, the same procedure is applied for the computation of the respiratory surface signals 

during planning and treatment phases. The triangulated meshes extracted from each of the 4D CT 

phase image are registered to the thoraco-abdominal region of interest derived from the first optical 

surface acquired in the considered treatment session. The breathing trajectories in the three spatial 

directions for each surface point belonging to the selected ROI are computed using the implemented 

deformable registration algorithm both for 4D CT and optical surfaces. A mono-dimensional signal 

is derived for all ROI points, by computing the time-series of the distance from the lowest position 

assumed by each point during the corresponding 4D CT scan or optical acquisition. K-means 

clustering is applied to summarize the distance variables derived from all ROI points, thus obtaining 

a single respiratory surrogate signal for both planning and treatment phases. The cluster assignment 

obtained with the treatment optical surfaces, namely the index specifying to which cluster each ROI 

point belongs to, was maintained when applying k-means clustering to the 4D CT surfaces, thus 

allowing a robust comparison. 
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 2.3.3.2    Phase and amplitude estimation 

 Different approaches were tested and compared for the estimation of the instantaneous 

breathing phase from the surface surrogate signals, including linear interpolating phase, Hilbert 

phase [Gabor 1946] and a modified version of the ellipse-based method proposed by Ruan et al. 

[Ruan 2008, Ruan 2009]. The linear phase technique relies on the identification of the location of 

the peaks at end-inspiration and end-expiration in the respiratory trace, assigning percentages to 

inter-peak positions based on a linear interpolation of the peak-to-peak distance. The linear 

interpolating phase is given by the following equation:   
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where tn represents the timestamp for the n
th

 identified respiratory peak. In addition to its simplicity, 

an advantage of the linear interpolating phase is that it is locally defined, so perturbations and errors 

do not propagate over time. The presented approach does not allow however to capture variability 

in the inhale and exhale durations and hysteresis in the breathing trajectory. The identification of 

peak values is also very sensitive to noise, especially at extreme tidal positions, such as deep inhale 

or exhale. Low-pass filtering of the respiratory trace allows noise suppression [Neicu 2003], but 

introduces uncertainties in the detected peak locations due to the diminished values of local 

gradients.  

 Ruan et al. [Ruan 2008, Ruan 2009] proposed to apply elliptic shape tracking in an 

augmented state space to automatically and reliably detect iso-phase points in the breathing 

trajectory. A state vector is created from the values of the respiration signal at the current instant 

and at a previous time, considering a fixed temporal delay of K samples. An augmented state space 

is derived by plotting N state vectors. An ellipse model is then fit to the plotted data, as shown in 

Figure 2.16a. The iso-phase events can be identified as the intersection points between the ellipse 

model fitted in the augmented state space and an arbitrary Poincaré section, corresponding to a line 

in two-dimensions. The Poincaré line is constructed starting from the estimated ellipse centre and 

with a fixed direction relative to the orientation of the ellipse axes, thus guaranteeing that it 

intersects each breathing period exactly once at the same phase value (Figure 2.16a). The phase 

estimation for the intermediate positions in the breathing cycle is performed by Ruan et al. by 

linearly interpolating the detected iso-phase points (Figure 2.16b). Thanks to the elliptic model 

fitting, this approach has the advantage of being robust to local noise, outliers and partially missing 

data. We extended the ellipse-based method proposed by Ruan et al. for the instantaneous 

estimation of the respiratory phase, without relying on linear interpolation. The phase value at each 
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time instant can be derived by the angle between the orientation of the ellipse's major axis and the 

line connecting the corresponding state vector in the augmented state space and the centre of the 

fitted ellipse. This approach allows to capture hysteresis and irregular dynamics in the respiration 

motion, but proved to be highly sensitive to the choice of the two model parameters, represented by 

the temporal delay K used to construct the state space and the number N of previous state vectors 

used for ellipse fitting. 

 

 

Figure 2.16. Application of the ellipse-based method for phase estimation in a simulated sinusoidal waveform with 

variation in frequency. Panel a shows the discrete observations (blue dots), the fitted ellipse (red line) in the augmented 

state space and the Poincaré section (black dashed line) for identifying the iso-phase points. Panel b depicts the 

simulated trajectory (blue line), the iso-phase markers (red circle) and the estimated linear phase (green line) [Ruan 

2009].  

 

 The Hilbert transform [Huang 1998] is a spectral analysis method, specifically designed for 

analyzing data from non-linear and non-stationary processes. It represents the response of a signal 

to a linear time-invariant filter having impulse response 1/t. According to the following equation, 

the Hilbert transform y(t) of a an arbitrary time-series x(t) is defined as the convolution of x(t) with 

the signal 1/t: 
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where P indicates the Cauchy principal value of the integral. The Hilbert transform can be used to 

derive an analytic signal of the real signal x(t), consisting in the best local fit of an amplitude and 

phase varying trigonometric function to the time-series x(t). The analytic signal of x(t) is 

represented by a rotating vector with instantaneous phase φ(t) and amplitude A(t) in the time 

domain. According to the following polar coordinate expression, the real part of the analytic signal 
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z(t) is represented by the original signal, while the imaginary part coincides with the Hilbert 

transform: 
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computed as the angle of the Hilbert transformed series, which has the same frequency content as 

the original data. The Hilbert approach was selected for the estimation of the breathing phase 

parameter in the present application, since it accounts for hysteresis and irregular variability in 

respiratory motion, without depending on any specific parameter.  

 To reduce the acquisition noise, the surrogate breathing signals extracted from the patient's 

external surface during planning and treatment sessions are smoothed by applying a low-pass 

moving average filter with a window size of 3 samples. The mean values are subtracted from the 

corresponding signals to allow the comparison. The presence of time-drifts in the signal baseline 

can reduce the accuracy and robustness in the estimation of the breathing phase through the Hilbert 

transform. In order to obtain meaningful instantaneous phase values, the signal must be locally 

symmetric with respect to the zero mean level [Huang 1998]. Baseline time-trends in the surrogate 

breathing signal extracted from treatment optical surfaces are computed by smoothing the signal 

with a moving average filter, whose window size approximately spreads over two respiratory 

cycles. The number of samples s included in the filter window is computed as: 

1)*( round*2  fTs ,                                            (2.16) 

where f is the frame rate of optical surface acquisition and T is the average cycle length, considered 

equal to 3.5 sec. The no-trend respiratory signal used for the computation of the Hilbert transform is 

obtained by subtracting the computed baseline from the original signal. Baseline subtraction is not 

performed for the 4D CT surrogate signal since it represents a single average respiratory cycle, thus 

not featuring any baseline time-trends. The instantaneous values of the breathing phase associated 

to each 4D CT mesh and optical surface are estimated from the angle of the Hilbert transform. A 

representative example of breathing motion signals and corresponding phase values extracted from 

the patient's surface during planning and treatment phases is depicted in Figure 2.17. Phase values 

are expressed in radians and ranged between -π and +π. The end-inhale peaks correspond to the 

zero-crossing values of the Hilbert phase signals, while the end-exhale peaks are determined by 

phase signal transitions from the maximum to the minimum values.  
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Figure 2.17. Breathing motion signals (blue line) of the patient's thoraco-abdominal surface acquired during planning 

and treatment phases and corresponding phase values (green line) computed with the Hilbert transform. The planning 

4D CT scan is divided in 10 phase volumes, while the optical surface acquisition include 300 surface frames. 

 

 The phase and amplitude parameters required by the 4D CT breathing motion model for the 

estimation of tumour position are obtained by combining the surface motion and phase signals 

acquired during planning and treatment phases. An example of the phase and amplitude model 

parameters extracted from the surrogate respiratory signal acquired from the patient's external 

surface during a treatment fraction is shown in Figure 2.18. For each frame of the optical surface 

acquisition, the phase parameter specifies the interpolated 4D CT image associated to the same 

value of the respiratory phase. This parameter is obtained by linearly interpolating the surrogate 

breathing signal extracted from the 4D CT meshes, thus computing the percentage position between 

4D CT images that corresponds to the same respiratory phase of the surface frame (Figure 2.18b). 

The computed phase parameter ranges between 0 and 1. For instance, in case of a 4D CT scan 

composed by 10 phase volumes, a phase parameter equal to 0.2 corresponds exactly to the 20% 

phase CT image. The proposed approach allows to compensate for possible phase shifts between 

the external surface displacement and the internal tumour motion.  

 The amplitude of the breathing motion model is instead parameterized according to a scaling 

factor, obtained by comparing the amplitude of the surface motion measured during planning and 

treatment phases. For each surface frame of the treatment optical acquisition, we linearly interpolate 

the amplitude of the 4D CT surface signal at the correspondent breathing phase (Figure 2.18a). The 

amplitude parameter is computed as the difference between the amplitude of the optical surface 

signal and the correspondent 4D CT amplitude, normalized by the span (maximum to minimum 

value) of the 4D CT surface signal. Since the considered breathing signals have zero mean, thus 
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yielding negative values for the exhale phase, the absolute values of the signal amplitude are 

considered before the subtraction. A low-pass moving average filter with a window size of 10 

samples is applied to obtain a smooth transition of the amplitude values between consecutive time 

instants. As shown in Figure 2.18c, the resulting amplitude parameter is cantered around 0, with 

positive or negative values if the amplitude of optical surface motion during treatment is greater or 

smaller than surface motion amplitude measured in the 4D CT scan. The amplitude parameter 

accounts both for baseline time-trends and amplitude variations in the breathing motion that can 

occur between planning and treatment phases. The phase and amplitude parameters are given in 

input to the 4D CT motion model to estimate the internal tumour position from the external surface 

displacement, as explained in the following section.  

 

 

Figure 2.18. Comparison between the surrogate breathing signals extracted from surface motion during treatment (blue 

line) and derived from the planning 4D CT images at corresponding phases (black line) (Panel a). Panel b and c depicts 

the phase and amplitude parameters, respectively, representing the input to the 4D CT motion model. These parameters 

are obtained by integrating the planning and treatment surface motion signals depicted in Figure 2.17. 

  

2.4    Tumour trajectory reconstruction 

 The proposed tumour tracking method is based on the integration of the external surface 

displacement optically acquired during treatment with a patient-specific model of tumour breathing 

motion estimated from planning 4D CT images and updated at each session according to daily in-
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room imaging. As explained in Section 2.2, the respiratory model is defined by the mid-position CT 

image, representing the time-weighted average of tumour position during the 4D CT breathing 

cycle, and by a set of deformation vector fields computed between the MidP and each 4D CT phase 

image. The model adaptation to the patient's daily situation is expressed in terms of an additional 

vector field, describing the baseline systematic changes between planning and treatment phases. 

From the input vector fields of the breathing motion model we derive the fraction-specific tumour 

positions at each respiratory phase of the breathing cycle. As performed by Orban de Xivry et al. 

[Orban de Xivry 2007] the deformation maps obtained through image registration are used to 

propagate the tumour contours manually delineated in a single reference volume to all the phases of 

the 4D CT dataset. They did not find a statistically significant difference between tumour 

segmentation based on deformed contour propagation and manual delineation in lung cancer 

patients, obtaining a method accuracy comparable to inter-observer variability.  

 The deformation vector field derived from daily in-room imaging for baseline correction is 

used to propagate the clinical GTV contours defined on the mid-position CT image. The tumour 

binary volume is extracted from the propagated contours, thus computing the updated average 

position of tumour baseline during the considered treatment fraction. The set of vector fields for 

each 4D CT phase of the breathing motion model is applied to the updated baseline image. An equal 

number of binary volumes is obtained, representing the tumour positions during all phases of the 

breathing cycle. The tumour centroid is extracted from each binary volume by computing the 

average coordinates along each spatial direction. This approach allows to compute the 3D positions 

of the tumour centroid at each phase of the average breathing cycle of the 4D CT planning scan, 

including baseline shift correction specific for each treatment fraction. As depicted in Figure 2.19, 

the tumour trajectories during a respiratory cycle define an ellipse in each orthogonal plane. 

 The reconstruction of the 3D tumour trajectory during the whole course of the treatment 

fraction was performed by combining the phase and amplitude parameters extracted from the 

optical surface acquisition with the information on tumour position at each breathing phase derived 

from the 4D CT motion model. As described in Section 2.3.3, the phase parameter defines the 

interpolated 4D CT phase corresponding to each acquired surface frame. At each time instant, the 

phase parameter is used to select the two 4D CT image frames closer to the considered respiratory 

phase value. The tumour centroid positions associated to the selected image frames are interpolated 

according to the percentage value defined by the phase parameter, thus obtaining the 3D 

coordinates of the tumour centroid at that specific breathing phase. The amplitude parameter 

specifies instead the difference in the amplitude of breathing motion between planning and 
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treatment phases. This value is used to scale the amplitude of tumour motion according to the 

following equation: 

 btctatctp  )()()()( ,                                                  (2.17) 

where a(t) is the amplitude parameter at time instant t, )(tp  is the coordinate vector defining 

tumour centroid position corrected for amplitude variations, )(tc  is the non-corrected position 

derived from the interpolation of the model's tumour centroids and b  is the updated position of 

tumour baseline. As stated in the equation (2.17), the amplitude correction factor is obtained by 

multiplying the amplitude parameter for the vector difference between the non-corrected centroid 

position and the tumour baseline. An example of tumour motion signals estimated with and without 

amplitude correction is shown in Figure 2.20. This approach allows a non-uniform amplitude 

scaling in the three spatial directions, since it depends on the entity of tumour motion along that 

direction at each specific breathing phase. The output of the proposed tumour tracking procedure 

corresponds to the 3D trajectory of the tumour centroid for each surface frame acquired during the 

treatment fraction. A low-pass moving average filter with a window size of 3 samples is applied to 

smooth and reduce noise from the resulting tumour motion signals.  

 

 

Figure 2.19. Tumour centroid positions in the MidP CT image (red marker) and in each phase volume of the 4D CT 

scan (blue markers) along the three spatial directions, obtained by applying the deformation vector fields of the 4D CT 

breathing motion model. 
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Figure 2.20. Comparison of tumour centroid trajectories along the three spatial directions estimated with and without 

amplitude correction. The depicted motion signals are obtained by combining the phase and amplitude parameters 

reported in Figure 2.18 with the tumour centroid positions of the 4D CT motion model represented in Figure 2.19. 

   

2.5    Tumour identification on CBCT projections 

 As presented in Section 2.1.2, the evaluation of the proposed tumour tracking method is 

based on the comparison between the target trajectories estimated from the external surface motion 

combined with the 4D CT breathing model and the real tumour trajectory extracted from the cone-

beam CT projections acquired simultaneously. As further explained in the Experimental testing 

chapter, the assessment of the tracking accuracy is performed on lung cancer patients, featuring 

non-negligible intra-fraction tumour motion due to the respiration process. The proposed approach 

for the evaluation of the developed tumour tracking method therefore requires the identification of 

lung lesions in CBCT projections. Since the considered patients do not present any implanted 

fiducial marker for lung tumour localization, target detection in X-ray images relies on markerless 

tracking techniques.  

 The algorithms proposed for markerless tracking of lung tumours in 2D projection images 

acquired during radiotherapy treatments can be divided into two groups: classification algorithms 

and direct tracking algorithms [Rottmann 2010]. In classification algorithms, a sequence of X-ray 
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projections acquired prior to treatment is used to build a training dataset for identifying different 

tumour location states. The actual tracking process consists in assigning each new image to one of 

the previously defined tumour locations. Different machine learning algorithms, such as Support 

Vector Machines (SVM) and Artificial Neural Networks (ANN), have been reported for tumour 

position classification in fluoroscopic images [Cui 2008, Lin 2009]. ANN technique allows to 

achieve a better performance than SVM in terms of classification accuracy and recall rate, although 

the target coverage is similar for both methods. The classification approach lacks however the 

ability to adapt to changes in the breathing pattern that are not described by motion observations 

during the training session. In direct tracking algorithms, a set of features is extracted and localized 

on each image frame, thus robustly capturing irregular breathing patterns. Single or multi-region 

template matching methods have been proposed for target tracking in electronic portal images. 

Tumour templates are obtained from manual or automatic segmentation in a reference projection, 

usually the first acquired image of the time-series [Arimura 2009, Rottmann 2010]. The multi-

region approach based on the selection of a set of landmarks with a small surrounding region 

proved to be more robust with respect to target deformations and rotations, due to the inherent 

flexibility of multiple templates. State-of-the-art methods for markerless lung tumour tracking in 

rotational CBCT projections are instead based on the cross-correlation with templates derived from 

digitally reconstructed radiographs, obtained by projecting the planning CT volume at 

corresponding angles [Hugo 2010, Lewis 2010].  

 The reported direct techniques for markerless tumour tracking are limited by the availability 

of traceable features in the analyzed images [Rottmann 2010]. Soft tissues, such as lung lesions, 

usually feature low contrast and poor visibility in X-ray projections. Moreover, lung tumours may 

be difficult to distinguish at particular rotational angles due to the overlap of the surrounding high-

contrast anatomical structures, such as the spine or the rib cage. These difficulties result in a 

reduced tumour tracking accuracy and in a limited range of projection angles at which lung targets 

can be tracked [Lewis 2010]. We developed and investigated an automatic method for contrast 

enhancement and direct markerless tracking of lung lesions in projection images, using planning CT 

information to increase tumour region visibility and reduce the overlying effect of the nearby 

anatomy [Fassi 2011]. As will be described in detail in the Experimental testing chapter, we 

assessed the effect of tumour contrast enhancement on the accuracy of target localization in CBCT 

projections and we compared tumour detection capabilities with those obtained with state-of-the-art 

tracking techniques. 
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 2.5.1    Contrast-enhanced tracking technique 

 Figure 2.21 shows the overall procedure of the proposed markerless lung tumour tracking 

method. The developed approach consists of two main steps: contrast enhancement of lung tumour 

region and markerless tracking of target position in projection images. Both these processes exploit 

the anatomical information derived from 4D CT planning images, in order to reduce the overlying 

effect of the surrounding high-intensity structures, thus increasing lung tumour visibility. The 

proposed markerless tracking technique can be generally applied to all types of two-dimensional 

projection images, such as X-ray digital radiography, fluoroscopy and cone-beam CT. As described 

in the Experimental testing chapter, rotational CBCT acquisitions were selected for the evaluation 

of the developed contrast enhancement technique, to allow the assessment of tumour detection 

capability and accuracy at different projection angles. The two steps of the tracking procedure 

specifically applied to cone-beam CT projections are described in detail in the following 

paragraphs. 

 

 

Figure 2.21. Flow-chart of the implemented procedure for lung tumour contrast enhancement and markerless tracking 

in projection images. All operations except the two highlighted processes can be performed a priori, thus reducing the 

computational cost. 

 

 2.5.1.1    Enhancement of tumour contrast 

 The enhancement of tumour contrast in projection images is based on masking and 

subtraction operations (Figure 2.21), which aim at removing from the original cone-beam CT 

images the contribution of the anatomical structures that obscure the lung lesion, thus enhancing 

tumour visibility. The developed procedure involves the computation of the digitally reconstructed 
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radiographs, consisting in two-dimensional simulated projections generated from the planning CT 

volume at the corresponding angle of the original CBCT images. The maximum intensity projection 

volume, representing the highest CT number found for each voxel in the set of 4D CT frames, is 

used for DRR generation, since it contains information about all respiratory phases. As depicted in 

Figure 2.22, lung regions, including the tumour, are segmented and masked in the MIP image 

before computing the DRRs, by applying automatic threshold-based segmentation algorithms and 

morphological operations [Hu 2001]. The clinical contours of the right and left lungs are used to 

extract a binary volume including lung regions. Since most lung tissues feature an intensity range 

from -910 HU (Hounsfield units) to -500 HU in CT image data [Wu 1994], a more relaxing 

threshold of -250 HU was selected for lung tumour segmentation. The masked MIP image was 

obtained by setting to the minimum intensity value (-1024 HU) all the voxels included in the lung 

binary volume having a grey-level intensity lower than the selected threshold value. The lung 

tumour was also masked in the MIP image, using the clinical contours of the planned target volume. 

The extended PTV contours were considered instead of the gross tumour volume to include possible 

errors in manual tumour delineation. The final masked MIP image features minimum intensity in all 

voxels of index i, j, k satisfying the following condition: 

 250),,( and 1),,(or  1),,(  kjiMIPkjiLkjiPTV ,                     

  for i = 1...N, j = 1...M and k = 1...Q                                           (2.18) 

where MIP is the MIP CT image of size NxMxQ, L is the binary lung volume and PTV is the binary 

PTV volume. A morphological opening operation, represented by an erosion followed by a 

dilatation, is performed using a disk-shaped structuring element, in order to refine lung contours and 

remove small high-intensity structures included in lung regions. 

 

 

Figure 2.22. Example of digital reconstructed radiograph obtained by projecting the masked MIP image, which is 

computed by segmenting the lung and tumour regions in the original MIP volume. 

 

 Before DRR generation, we apply B-spline deformable registration algorithms [Sharp 2010] 

to align the masked MIP image with the 3D CBCT volume reconstructed at each treatment fraction, 



80 

 

to take into account non-rigid mismatches of the anatomical structures between planning and 

treatment phases. A multi-stage registration process is performed, using the normalized mutual 

information as similarity metric since multi-modal images with different intensity ranges are 

involved. Digitally reconstructed radiographs are generated by projecting the aligned MIP volume 

at each CBCT projection angle by using ray-tracing algorithms. DRR are obtained by summing the 

attenuation of each voxel along known ray paths through the data volume. The number of rays for 

DRR generation is determined by the image resolution, usually chosen to match that of the flat-

panel X-ray detector. In the present application, DRR are obtained by using the Plastimatch open-

source software [Sharp 2009], which implements the Siddon's ray-tracing method [Siddon 1985]. 

Siddon's algorithm is based on the "exact path-length method", which consists in the calculation of 

the intersection of the radiological path with the voxels of the three-dimensional CT array. Instead 

of treating the CT image as individuals voxels, Siddon's method considers the CT data as composed 

by the intersection volumes of three orthogonal sets of equally spaced, parallel planes. The 

intersection of the ray with the voxels are obtained as a subset of the intersections of the ray with 

the planes. For each voxel intersection length, the corresponding voxel indices are computed and 

the products of the intersected length and particular voxel density are summed over all intersections 

to yield the radiological path. For a 3D CT array of N
3 

voxels, the Siddon's algorithm scales with 3N 

number of planes, rather than N
3
 number of voxels, thus resulting more efficient and less time-

consuming. Plastimatch implementation of the Siddon's ray-tracing method also includes different 

voxel interpolation methods, which can be used to increase the apparent resolution of DRR 

construction. An example of DRR generated with Plastimatch software is depicted in Figure 2.22.  

 The use of Plastimatch DRR program required the specification of the following parameters, 

describing the imaging geometry of the cone-beam CT system: 

 SAD (source-to-axis distance), representing the distance between the X-ray source and the 

isocenter of the imaging system [mm]; 

 SID (source-to-imager distance), corresponding to the distance between the X-ray source 

and the panel detector of the imaging system [mm]; 

 spatial resolution of the panel detector [pixels]; 

 physical size of the panel detector [mm]. 

If used in the rotational mode, Plastimatch program provides the specified number of DRRs at 

equally spaced angles. However, during a real cone-beam CT scan the difference between 

subsequent angles is not uniform, since the speed of gantry rotation may vary due to mechanical 

inertial constraints. We therefore modified the Plastimatch code to accept in input the list of the 
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rotational positions of the gantry during a specific CBCT acquisition, thus generating the DRRs 

exactly at the desired angle values.  

 An example of the implemented contrast enhancement and template matching technique 

applied to a cone-beam projection is shown in Figure 2.23. To reduce the computational cost, 

tumour search was limited within a restricted region of interest. Tumour ROI was extracted from 

both the original cone-beam image and the DRR simulated at the corresponding projection angle. 

The ROI centre was placed at the imager centre, corresponding to the 2D coordinates of the 

isocenter of the cone-beam CT imaging system projected on the panel detector. Flexmap 

corrections, describing the discrepancy between the radiation isocenter and the mechanical isocenter 

of the CBCT [Bissonnette 2008], were considered for the computation of the ROI centre for the 

simulated DRR. The ROI size was selected as a function of the tumour extents derived from the 

clinical ITV contours derived from the MIP CT image, adding a safety margin to take into account 

possible variations in target baseline and motion amplitude. As depicted in Figure 2.23, the 

contrast-enhanced tumour ROI is obtained by subtracting the corresponding DRR from the original 

CBCT projection. Since DRR and CBCT image intensities are not linearly correlated [Yang 2012], 

non-linear histogram equalization is applied to each ROI in order to match different grey level 

values before subtraction. The equalization procedure transforms the image intensity values into N 

discrete gray levels, such that a roughly equal number of pixels is mapped to each of the N levels, 

thus producing an approximately flat histogram. For the present application, the number of grey 

levels in the equalized images was set to 64.  

 

 

Figure 2.23. Application of the developed contrast enhancement and template matching technique to an exemplificative 

cone-beam projection. The circular structures visible in the original CBCT image come from the stereotactic body 

frame applied for patient's immobilization. 

 

 2.5.1.2    Tumour template matching 

 The tracking of tumour position on the contrast-enhanced images is realized through 

template matching techniques based on fast normalized cross-correlation. The reference tumour 

template for each CBCT rotational position is obtained by projecting at the corresponding angle the 
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gross tumour volume extracted from a single 4D CT phase image. The exhale phase was chosen as 

reference image for template generation due to the higher stability of tumour position at the end of 

expiration [Seppenwoolde 2002]. Since in our patient dataset the target contours are clinically 

delineated only in the planning MIP volume, we apply deformable image registration to propagate 

tumour contours in the 4D CT exhale phase. The deformation vector field generated by registering 

the MIP and exhale phase images with B-spline deformable registration algorithms is used for 

contour propagation to extract tumour volume in the selected 4D CT phase. Reference target 

templates for each cone-beam image are obtained by applying ray-tracing algorithms to the GTV 

volume extracted from the propagated contours. For each projection angle, the size of the tumour 

template is selected according to the size of the projected GTV, by adding a 3 pixel uniform margin 

in each dimension. The GTV centroid is also projected on the two-dimensional plane of each 

reference template. Tumour centroid is identified on each CBCT image by performing normalized 

cross-correlation between the contrast-enhanced tumour ROI and the corresponding reference 

template.  

 The cross-correlation function between the image f and the template t located at image 

coordinates (u,v) is based on a pixel-wise comparison according to the following equation: 
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The use of cross-correlation for template matching can be negatively influenced by several factors, 

such as the local intensity value of the image or the size of the template [Briechle 2001]. To 

overcome these difficulties, the image and template vectors are normalized to unit length, thus 

obtaining the normalized cross-correlation n(u,v): 
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where t  is the mean intensity value of the template and vuf ,  is the mean value of the image within 

the area of the template. Due to the normalization factor, the use of n(u,v) for template matching is 

more robust than other similarity measures, since it's independent to changes in brightness or 

contrast of f. The image coordinates featuring the highest value of the normalized cross-correlation 

coefficient correspond to the position of the identified GTV centroid. In order to reduce the 

computational cost, the image cross-correlation function, corresponding to the nominator of the 

equation (2.20), is computed in the frequency domain using the Fast Fourier Transform. The 

denominator of (2.20) is instead efficiently calculated by pre-computing running-sum tables 

containing the integral of the squared image function ),(2 yxf . These tables are used to evaluate the 
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expression  2 

,),( vufyxf  at each point (u,v) where the normalized cross-correlation coefficient is 

calculated [Lewis 1995]. The low computational cost of the proposed tumour tracking method is 

also associated to the possibility of performing in advance the most time-consuming operations, 

such as deformable image registration and DRR generation. Calculation time only depends on the 

few processes highlighted in Figure 2.21, namely image equalization, subtraction and cross-

correlation, requiring together less than 10 ms on average. The application of tumour search within 

a restricted region of interest also contributes to reducing the computational cost to levels 

compatible with real-time performance.  

 A direct tumour tracking approach similar to the described contrast enhancement method 

was independently proposed by Yang et al. [Yang 2012], although important differences and 

methodological improvements are evident. The cited technique involves the generation of two sets 

of DRRs, the first one including only the tumour and the second one with the complete anatomy 

without the tumour. The "anatomy-without-tumour" dataset is obtained in Yang et al. by masking 

the tumour in the CT volume with the average lung tissue value. We masked not only the lesion but 

the whole lung region, as a way to reduce tracking sensitivity to tumour position in the CT scan. In 

addition, the rigid registration proposed in [Yang 2012] between the CBCT projections and the 

"anatomy-without-tumour" DRR may not take into account non-rigid mismatches of the anatomical 

structures. To overcome this limitation, we applied deformable registration between the "anatomy-

without-tumour" CT dataset and the reconstructed 3D CBCT volume before generating the DRR. 

Finally, Yang et al. used the average CT scan to derive the "tumour-only-templates" for cross-

correlation. Instead, we considered a single 4D CT phase image, which may better represent the size 

and shape of the lesion in CBCT projections.  

 As described in the Experimental testing section, we developed an improved and more 

extended methodological approach for the accuracy evaluation of the proposed contrast 

enhancement method with respect to the experimental testing performed by Yang et al. The tumour 

tracking accuracy was evaluated in [Yang 2012] only for the SI tumour coordinate, obtaining errors 

less than 2.2 mm. We instead investigated the tracking performance of the proposed contrast-

enhancement technique along all three spatial directions, to provide a more comprehensive and 

complete assessment of the method accuracy. In addition to the testing procedure described by 

Yang et al., we performed a comparative analysis of the tumour tracking performance with respect 

to the state-of-the-art techniques for direct markerless target detection in CBCT projections [Lewis 

2010, Hugo 2010], to allow the objective evaluation of the effective gain of the proposed contrast 

enhancement technique. 
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2.6    Synchronization between CBCT and surface optical acquisitions 

 As previously introduced, the accuracy of the proposed tumour tracking method is 

quantified by comparing the real target motion derived from cone-beam CT acquisitions with the 

tumour trajectory indirectly estimated from the displacement of the patient's external surfaces 

simultaneously acquired with optical systems. The evaluation technique therefore required the 

development of a specific strategy for the synchronization between CBCT and surface optical scans, 

in order to retrieve the temporal correspondence between each cone-beam image and the dynamic 

time-series of external surfaces. The first approach implemented for synchronization purpose was 

based on the use of the BlackCat X-ray detector, which records the number of radiation particles 

detected in the treatment room, with a temporal resolution of approximately 10 msec. The BlackCat 

detector was connected directly to a serial port of the optical system, thus yielding the absolute 

timestamps of the particle measurements expressed in the time frame of the optical system. Figure 

2.24 shows the number of radiation particles detected by the BlackCat system during a CBCT scan. 

The provided information can be used to derive the starting time of the cone-beam acquisition in the 

temporal frame of the optical system. Since CBCT scan consists in a sequence of multiple X-ray 

projections acquired at different rotational positions, the measured BlackCat signal has a pulsed 

time-trend (Figure 2.24). The CBCT starting time can therefore be computed as the absolute 

timestamp of the first detected radiation pulse.  

 

  

Figure 2.24. Number of radiation particles measured by the BlackCat X-ray detector during the acquisition of cone-

beam images. The timestamps associated to each CBCT pulse is also depicted. 
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 Unfortunately, the BlackCat approach could not be applied in our case for the 

synchronization of cone-beam CT and surface acquisitions. In fact, the video-based optical system 

employed for surface scanning did not provide any information on the absolute timestamps 

associated to surface acquisition, hindering the possibility to relate the starting time of the CBCT 

scan with the surface timestamps. The only information available from the surface imaging system 

concerns the temporal difference between the acquisition of each surface frame, thus providing the 

relative timestamps with respect to the starting time of the surface scan. To overcome this limitation 

of the employed optical device, we developed an image-based approach for CBCT and optical 

surface synchronization, which does not require the knowledge of the absolute acquisition 

timestamps of surface data. 

 

 2.6.1    Image-based synchronization method 

 The developed method for the synchronization of CBCT and optical surface acquisitions 

exploits the two-dimensional photos acquired by the stereo-cameras of the video-based optical 

system employed for surface scanning. An exemplificative photo captured by the optical device at 

the beginning of a cone-beam CT acquisition is shown in Figure 2.25a. The three photos acquired 

simultaneously by the two stereo-cameras and the texture camera of the surface imaging system are 

superimposed in a single image as different RGB (Red, Green, and Blue) components. In particular, 

the two photos acquired by the optical stereo-cameras are used for the 3D reconstruction of the 

patient’s thoraco-abdominal surface, while the photo captured by the texture camera is used for 

grey-level coloration. As depicted in the figure 2.25a, a portion of the flat-panel detector of the 

CBCT device is visible in the photos captured by the optical system at the beginning of cone-beam 

CT acquisition, when the panel starts to rotate around the patient. We propose to synchronize CBCT 

and optical surface acquisitions by tracking the motion of the CBCT detector in the 2D images 

captured by the optical cameras. The tracking is performed on the blue image component extracted 

from the captured photos, since it contains a larger portion of the visible panel (Figure 2.25b).  

 The beginning of cone-beam CT scan can be detected in the stereo-images captured by the 

optical system by identifying the starting motion of the CBCT rotating panel, thus obtaining the 

relative starting time of cone-beam CT with respect to the optical surface acquisition. The elliptic-

shaped feature shown in Figure 2.25b was selected to track panel motion, since it was clearly visible 

on the photos captured by the optical system. Threshold-based segmentation algorithms and ellipse 

fitting operations were applied to estimate the position of the selected feature on the 2D images. A 

region of interest including the panel's feature is extracted from the captured photos, as shown in 
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Figure 2.26a. A grey-level threshold is applied to the selected ROI, thus segmenting the elliptic 

feature of interest (Figure 2.26b). The convex hull, which is the smallest convex polygon enclosing 

a set of points, is computed from the thresholded image. A least-squares fit of an ellipse model is 

obtained from the 2D vertices of the extracted convex hull (Figure 2.26a). The estimated trajectory 

of the panel's elliptic feature is used to derive a mean estimate of the temporal difference between 

CBCT and surface acquisitions, as described in detail in the next paragraphs. Interpolation 

procedures are introduced to increase the temporal resolution of the proposed synchronization 

method, overcoming the limit imposed by the acquisition frame rate of the optical imaging system. 

 

 

Figure 2.25. Photos captured by the three cameras of the optical surface imaging system superimposed in a single RGB 

image (Panel a). The blue image component, including the larger portion of the CBCT panel detector, is extracted from 

the captured photos (Panel b). The elliptic feature used for the tracking of the CBCT panel motion is shown in the 

figures. 

  

 

Figure 2.26. ROI of the optical system's photo including the elliptic feature used for the tracking of CBCT panel 

motion (Panel a). The red star represents the centre of the ellipse fitted to the vertices of the convex hull extracted from 

the thresholded feature of interest (Panel b).  
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 A linear angular model was built to relate the position of the CBCT panel detector identified 

in the optical system's photos with the projection angles associated to the corresponding cone-beam 

images. As depicted in Figure 2.27a, 30 rotational positions of the CBCT device ranging from 

176-  to 180- , which corresponds to the starting cone-beam angle, were considered for the model 

construction. For each of the 30 selected positions, the gantry was rotated at the corresponding 

angle and 50 photos were captured with the optical system. The 2D coordinates of the centre of the 

panel's elliptic feature were identified on the acquired photos using the previously described 

method. The distance of the panel feature's centre from the top-left corner of the selected ROI was 

computed and averaged over the 50 captured photos. This process was repeated for each of the 

CBCT projection angles included in the model, storing the estimated mean distances of the 

correspondent panel's feature. The stored data are fitted with a first order polynomial (Figure 2.27a), 

approximating with a linear model the motion of the rotating CBCT panel in the optical system's 

photos. The fitted polynomial of the angular model is then used for the synchronization of CBCT 

and surface acquisitions at each treatment fraction according to the following procedure.  

 

 

Figure 2.27. Linear angular model relating the CBCT projection angles with the distances of the panel's feature from 

the top-left corner of the ROI extracted from the photos captured with the optical system (Panel a). The feature's 

distances computed during a cone-beam acquisition are shown in Panel b. The blue dots represents the 5 selected photos 

acquired soon after the beginning of the CBCT scan. In both panels, the red stars correspond to the feature's distance 

(Panel b) and to the corresponding projection angle (Panel a) associated to the mean value of the relative acquisition 

timestamps of the five selected photos, obtained by interpolating with the respective fitted polynomials. 

 

 The first 5 photos captured by the optical surface imaging system after the beginning of the 

CBCT rotational acquisition are identified based on the estimated distance of the panel's elliptic 

feature from the top-left corner of the selected ROI. As shown in Figure 2.27b, the feature's 

distances associated to the selected five photos are linearly interpolated to derive the feature's 

distance at the mean value τ of the relative acquisition timestamps of the considered photos. The 
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stored model polynomial is used to estimate the CBCT projection angle correspondent to the mean 

feature's distance (Figure 2.27a). The retrieved projection angle is then related to the elapsed time 

since the beginning of the CBCT scan. This relationship is derived from the acquisition log file 

associated to the specific cone-beam CT scan, which includes the information about the projection 

angles and the relative timestamps of each acquired CBCT image. The data stored in the log file are 

linearly interpolated to derive the elapsed time ε since the beginning of the cone-beam CT scan 

associated to τ. The temporal difference between the CBCT and optical surface acquisitions is then 

computed as   . By subtracting the estimated difference from the relative timestamps associated 

to each optical surface, we obtain the corresponding timestamps expressed in the temporal frame of 

the cone-beam CT system, thus allowing the synchronization between CBCT and surface scans. In 

particular, only surface frames with positive timestamps are acquired during the cone-beam CT 

scan. The associated timestamp values indicate the elapsed times since the start of CBCT 

acquisition.  



89 

 

3.    EXPERIMENTAL TESTING 

___________________________________________ 

 

3.1    Lung cancer patient database 

 As described in the Methods chapter, we developed a tumour tracking method for the non-

invasive indirect estimation of the internal tumour position from the external surface displacement, 

for the compensation of intra-fraction target motion mainly due to respiration. A clinical patient 

database was specifically acquired for the experimental testing of the proposed tracking technique, 

including the synchronized information on internal and external breathing motion. Lung cancer 

patients were selected for the evaluation of the method accuracy, since they feature non-negligible 

intra-fraction tumour motion due to the respiratory process. All patient data were collected at the 

Centre Léon Bérard (CLB) in Lyon, one of the main clinical facilities in France dedicated to cancer 

treatment and research. The acquired database includes early-stage non-small cell lung cancer 

patients, treated at CLB with stereotactic body radiation therapy (SBRT). For this type of 

malignancies, SBRT provides a substantial improvement of treatment outcomes in terms of local 

control and survival rate with respect to conventional radiation therapy [Timmerman 2010].  

 

 3.1.1    Stereotactic body radiation therapy  

 SBRT consists in the delivery of biologically equivalent doses that can exceed 150 Gy in 

hypofractionated schedules with 5 or less fractions [Hiraoka 2007]. Medical indications for this 

treatment modality include NSCLC peripheral tumours with a diameter smaller than 5 cm and a 

distance to the proximal bronchial tree greater than 2 cm [Timmerman 2010]. The delivery of such 

high doses per fraction is achieved with highly conformal beam arrangements, requiring very high 

setup accuracy and robust motion management techniques. Patient immobilization is usually 

enforced with specific devices, such as stereotactic body frames, vacuum systems or abdominal 

compression, as shown in Figure 1.19 [Wulf 2000]. According to the clinical protocol adopted at 

the Centre Léon Bérard, patients undergoing SBRT treatments are immobilized with the stereotactic 
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body frame from Elekta (SBF, Elekta, Stockholm, Sweden). A fluoroscopic image acquisition is 

performed prior to treatment to evaluate the extent of tumour motion. If motion amplitude exceeds 1 

cm in the superior-inferior direction, abdominal compression is applied to reduce tumour extent 

[Gassa 2006].  

 Treatment planning for NSCLC patients at CLB is routinely performed by acquiring a 4D 

CT scan. Ten breathing phase-sorted images and the maximum intensity projection are 

reconstructed from the 4D CT dataset. The internal target volume, encompassing the total extent of 

tumour motion for all phases of the breathing cycle, is manually delineated by clinicians on the MIP 

image. The irradiated planned target volume is obtained by adding to the ITV a treatment margin of 

5 mm in the transversal plane and 8 mm in the longitudinal plane [Gassa 2006]. The SBRT 

treatments usually commence within ten days from the 4D CT planning acquisition. For NSCLC 

patients, a total dose of 48 Gy is usually delivered in four fractions of 12 Gy, performed twice a 

week for a total of two weeks. This hypofractionated schedule corresponds to a biologically 

equivalent dose of 105 Gy [Gassa 2006]. The number of treatment sessions and the prescribed dose 

per fraction can be adapted as a function of the tumour size. Treatment delivery is performed using 

the Elekta SynergyS linear accelerator (Elekta, Stockholm, Sweden) equipped with the Beam 

Modulator system, a beam-shaping multi-leaf collimator composed by 40 fully inter-digitating 

leaves of 4 mm. The Elekta SynergyS machine incorporates different imaging systems, including 

kV planar radiography, 2D fluoroscopy for real-time motion tracking and 3D cone-beam CT for 

soft tissue visualization. A photo of the Elekta SynergyS system with CBCT imaging functionality 

installed at CLB is depicted in Figure 3.1.  

 According to the clinical protocol adopted at the Centre Léon Bérard for NSCLC treatments 

with SBRT, at the beginning of each fraction the patient is repositioned in the stereotactic body 

frame through laser alignment. A cone-beam CT scan is routinely performed to allow a high 

precision patient setup, using the 3D CBCT volume reconstructed with the XVI software from the 

acquired two-dimensional cone-beam projections. Rigid registration is performed between the daily 

CBCT and the planning CT volume, obtaining the roto-translational corrections for target alignment 

with the treatment isocenter. If the measured translations or rotations are higher than 3 mm or 1°, 

respectively, patient position is corrected by moving the treatment couch [Gassa 2006]. The Elekta 

SynergyS system installed at CLB is equipped with the HexaPOD computer-controlled robotic 

table, which allows a sub-millimetre and sub-angular accuracy in patient positioning with six 

degrees of freedom, compensating for both translational and rotational geometric errors (roll, pitch 

and yaw) [Meyer 2007]. The real-time continuous feedback on the actual position of the treatment 

couch is provided by means of an infrared tracking camera (Polaris, NDI, Waterloo, Ontario, 



91 

 

Canada) mounted to the room ceiling, which records the 3D coordinates of a set of multiple passive 

reflectors rigidly connected to the treatment couch (Figure 3.1). A photo of the horizontal bar with 

the passive markers used for the optical infrared tracking of the HexaPOD table motion is shown in 

Figure 3.2. After treatment couch correction, a second cone-beam CT scan is acquired for setup 

verification. If the measured roto-translational parameters are below the pre-defined thresholds, the 

radiation treatment is started. Each SBRT session is performed through 8 to 10 radiation fields, for a 

total duration of about 30 minutes per fraction [Gassa 2006]. 

 

 

Figure 3.1. Photo of the treatment room at the Centre Léon Bérard where the Elekta SynergyS system is installed. The 

couple of X-ray source and panel detector for cone-beam CT imaging and the VisionRT pods for surface scanning are 

depicted in the figure. The HexaPOD table is also highlighted, including the Polaris camera and the passive reflective 

markers attached to the top of the treatment couch.  

 

 

Figure 3.2. Photo of the HexaPOD horizontal bar with multiple passive markers connected to the treatment table, used 

for the optical infrared tracking of the couch position. 
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 3.1.2    Patient characteristics 

 The clinical database acquired for the experimental testing of the developed surface-based 

tumour tracking method includes 7 early-stage non-small cell lung cancer patients undergoing 

stereotactic body radiation therapy at the Centre Léon Bérard. The acquisition protocol was focused 

only on patients treated without the abdominal compression, since the horizontal plate pressing on 

the abdomen covered a large portion of the patient's external surface, thus hindering the possibility 

to optically capture the intra-fraction surface motion. As described in the previous section, the 

compression device is prescribed in SBRT treatments at CLB for patients showing an amplitude of 

tumour motion higher than 1 cm. The requirement of no abdominal compression in the present 

study implied that only patients with a reduced tumour motion extent were collected in the database. 

As shown in Table 3.1, the acquired database includes six males and one female patients, with an 

age ranging between 65 and 85 years. For all the considered patients, the tumoral lesion is located 

in the upper lobes of the lung. The patient-specific target shape and position inside the lung are 

depicted in Table 3.2, showing for each patient the reconstructed mid-position CT volume along 

three orthogonal planes intersecting at the tumour centroid. For 5 out of 7 patients, the tumour is 

located in the right-side lung. The distance of the target centroid from the corresponding lung apex 

along the SI direction ranges between 3.5 and 9.0 cm (Table 3.1). The mean size of the GTV 

segmented in the mid-position CT images is equal to 2.1, 2.1 and 1.8 cm along the ML, AP and SI 

directions, respectively. The lung tumour volumes, measured as the number of voxel included in the 

GTV binary image extracted from the mid-position CT multiplied by the unit volume of a single 

voxel, vary from 0.5 to 5.1 cm
3
, with a mean value of 2.7 cm

3
.  

 

Table 3.1. Characteristics of the lung cancer patients included in the clinical database specifically acquired for the 

experimental evaluation of the developed tumour tracking method.  

Patient Gender Age 
Tumour 

side 

SI tumour distance 

from lung apex (cm) 

Tumour size 

MLAPSI (cm) 

Tumour 

volume (cm
3
) 

P1 Male 79 Right 3.5 2.22.22.3 3.7 

P2 Male 85 Right 7.5 3.13.31.8 5.1 

P3 Male 72 Right 9.0 1.40.80.8 0.5 

P4 Female 71 Left 4.1 1.81.91.9 3.0 

P5 Male 77 Right 5.1 2.42.01.8 3.0 

P6 Male 65 Left 7.2 2.02.21.7 1.7 

P7 Male 84 Right 7.1 1.92.02.1 2.0 
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Table 3.2. Mid-position CT image reconstructed from the 4D CT scans for the 7 lung cancer patients of the database. 

The MidP volumes are visualized along three orthogonal planes intersecting at the tumour centroid, indicated by a green 

cross. Image visualization is realized though the open-source image viewer VV [Rit 2011], using a lung window 

cantered in -500 HU. 

Patient Transverse plane Coronal plane Sagittal plane 

P1 

   

P2 

   

P3 

   

P4 

   

P5 

   

P6 

   

P7 
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 3.1.3    Internal and external motion data 

 The patient database specifically acquired for the experimental testing of the developed 

surface-based tumour tracking method includes clinical data provided by several multi-modality 

imaging systems installed at the Centre Léon Bérard. The collected data yields synchronized 

internal and external information on respiratory tumour motion during radiotherapy planning and 

treatment phases. In the following paragraphs we describe in detail the imaging data collected for 

each of the 7 NSCLC patients of the database, which include: 

 a 4D CT scan acquired for treatment planning; 

 a cone-beam CT scan performed at the beginning of a treatment fraction for patient setup; 

 an acquisition of the patient's external surface motion using a non-invasive optical tracking 

device synchronized with the cone-beam CT scan. 

As described in the Methods chapter, the real tumour trajectory identified on the CBCT projections 

is compared to the tumour trajectory estimated from the synchronous optical surface displacement, 

combined with an a priori patient-specific model of the breathing target motion derived from the 

planning 4D CT dataset. 

 

 3.1.3.1    4D CT planning scan 

 The 4D CT planning scan is acquired by using the Philips Brilliance CT Big Bore simulation 

system (Philips Medical Solution, Cleveland, OH), shown in Figure 3.3. The scanner operates in a 

helical mode, by acquiring 16 slices simultaneously with a rotation period of 0.5 sec and a pitch of 

0.1. The pitch is defined as the ratio of the table translating distance per gantry rotation to the 

thickness of the individual X-ray beam. Breathing synchronization is achieved with the Pneumo 

Chest Bellows (Lafayette Instrument, Lafayette, IN), consisting in a pressure belt placed around the 

patient's chest to provide the surrogate breathing signal used for respiration-correlated 4D CT data 

binning. The acquired CT dataset is sorted into ten breathing phase images, with a slice thickness of 

3 mm and a voxel size of 1.171.173 mm
3
. The spatial resolution of the output image in ML and 

AP directions is 512512 pixels, while the number of slices acquired in the SI direction varies 

according to the vertical lung extent of the specific patient. Typically, about 100-170 slices are 

reconstructed, resulting in a physical acquired volume of 606040 cm
3
.  

 The contours of the tumours and of the structures of interest, such as the lungs and the 

patient body, are manually delineated by a clinician on the maximum intensity projection image 

derived from the 4D CT dataset. The delineated tumour contours represent the ITV, corresponding 

to the volume covered by the moving GTV during each phase of the 4D CT breathing cycle. For 
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each patient included in the database, the 4D CT planning dataset is used to derive a patient-specific 

model of tumour breathing motion, as described in Section 2.2.1. Deformable image registration is 

applied to each patient dataset to estimate the mid-position CT image and the ten deformation 

vector fields between the MidP and every 4D CT phase volume. Deformable image registration is 

also used to propagate the ITV contours clinically outlined on the MIP image to the GTV contours 

in the MidP and in each of the ten breathing phase images. 

 

 

Figure 3.3. The Philips Brilliance CT Big Bore scanner used for the acquisition of the 4D CT planning dataset. 

  

 3.1.3.2    Cone-beam CT acquisition 

 For each patient of the database, a cone-beam CT scan was acquired at the beginning of a 

treatment fraction using the Elekta SynergyS machine, equipped with the XVI on-board kV imaging 

system. As shown in Figure 3.1, the CBCT X-ray source and the corresponding flat-panel detector 

are mounted perpendicularly with respect to the treatment gantry, rotating simultaneously with the 

gantry. The cone-beam CT scan performed at CLB consists in acquiring approximately 650 2D 

projections at different angular positions around the patient, covering an entire 360° gantry rotation. 

The temporal frequency of CBCT image acquisition is 5.46 frames per second, thus requiring about 

2 minutes for a full cone-beam CT scan. Motion-induced artefacts in the acquired projections are 

limited by reducing the acquisition time of each CBCT image to approximately 2040 msec. The 

cone-beam projection sequence is acquired clockwise, starting with the X-ray source at the left-side 

of the treatment couch (gantry at -180°). The cone-beam CT scans for the lung cancer patients of 

the database were acquired with a medium field of view (FOV) and a M20 collimator. A schematic 

representation of the Elekta SynergyS system for the considered CBCT geometrical configuration is 

shown in Figure 3.4.  
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Figure 3.4. Geometrical arrangement of the Elekta SynergyS system for the medium imaging FOV. The corresponding 

positions of the kV X-ray beam focal spot (1), of the kV panel detector (2) and of the kV imaging reference axis (3) are 

depicted in the figure. 

 

 As reported on the Elekta Clinical User Manual, the source-to-axis distance (SAD) between 

the X-ray source and the isocenter of the XVI imaging system is 1000 mm, while the total source-

to-imager distance (SID) between the X-ray source and the panel detector is 1536 mm. The physical 

size of the squared CBCT detector is 410410 mm
2
, while the spatial resolution is 512512 pixels, 

resulting in an effective pixel size of 0.8 mm/pixel. The kV photons are directed in a circular cone-

shaped beam from a focal spot of the X-ray source tube. The uncollimated cone incident 

perpendicularly on the flat-panel detector has a diameter of 425 mm. As depicted in Figure 3.4, in 

the medium FOV configuration with gantry at 0°, the inclination of the X-ray source beam is 

deviated of about 4.15° around the vertical direction (perpendicular to the detector plane) with 

respect to the imaging reference axis (perpendicular to the detector plane). This deviation results in 

an offset of 213.2 mm at the imaging isocenter in the horizontal direction (longitudinal to the 

treatment couch). The detector panel is shifted of 115 mm in the same direction to match the beam 

offset, thus allowing to scan a wider patient volume (Figure 3.4). The width of the beam in the 

horizontal direction is defined by inserting a collimator in front of the X-ray source beam. The M20 
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collimator used for lung cancer patients provides a nominal irradiated length at isocenter of 276.7 

mm. The deviation of the kV imaging axis in the medium FOV configuration yields a shift in the 

horizontal direction of the imager centre, which represents the projection of the isocenter on the 

detector plane. The horizontal and vertical coordinates of the imager centre in the considered 

system arrangement are equal to 400 and 256 pixel, respectively. 

 A calibration procedure of the Elekta SynergyS cone-beam CT system is required to 

compensate for the flexing that occurs in the rotating arms of the imaging system at various gantry 

angles, due to the weight of the mechanical components, such as the accelerator gantry, the kV X-

ray tube and the flat-panel detector [Sharpe 2006]. Ideally, the X-ray beams generated by the kV 

source during gantry rotation intersect exactly in a single point, represented by the radiation 

isocenter. In practice, flexions and torsions of the rotating mechanical systems cause perturbations 

in the circular scanning trajectory, that can produces a significant distortion in the reconstructed 

image. The actual isocenter of the imaging system defines a spherical volume that contains the 

beam intersection points for all gantry orientations. The flexmap represents the discrepancy 

between the radiation isocenter and the mechanical isocenter of the CBCT imaging system as a 

function of the projection angle. When integrating the XVI cone-beam imaging system with the 

treatment unit, flexmaps need to be calibrated to allow the alignment of the CBCT reconstruction 

centre with the radiation isocenter. These maps are initially computed after the system installation 

and periodically checked during maintenance operations [Lehmann 2007]. A ball-bearing (BB) 

phantom placed at the radiation isocenter is used for the geometrical calibration of the cone-beam 

CT system, computing and storing for each gantry angle the shifts of the projected BB in the two 

image dimensions. Long-term reproducibility and stability of the flexmaps have been reported 

[Bissonnette 2007]. An example of flexmaps measured for the Elekta SynergyS system installed at 

CLB is shown in Figure 3.5.  

 All the parameters associated to a specific cone-beam CT scan are saved in an acquisition 

log file by the XVI software. For each acquired CBCT image, the log file specifies the 

corresponding projection angle, the relative acquisition timestamp with respect to the beginning of 

the cone-beam CT scan and the flexmap corrections along the horizontal and vertical image 

dimensions. The temporal and angular information are used for the synchronization of the CBCT 

and optical surface acquisitions, described in Section 2.6.1. The horizontal and vertical flexmaps are 

instead considered when comparing the real and estimated tumour trajectories, as will be further 

explained in the next paragraphs. 
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Figure 3.5. Example of flexmaps along the horizontal and vertical image directions associated to each projection angle 

of a cone-beam CT acquisition performed with the Elekta SynergyS system. 

 

 The volumetric CBCT dataset is reconstructed from the acquired sequence of planar 

projections using the XVI software, which implements the filtered back-projection based on the 

Feldkamp-Davis-Kress (FDK) algorithm [Feldkamp 1984]. The FDK method can be divided into 

three different steps: pre-weighting of the projection data, filtering and 3D back-projection. The raw 

images are initially corrected for a weighting function to compensate for the increased attenuation 

of photons at higher cone angles, due to the longer path-length travelled in the tissues. The pre-

weighting factor is dependent on the cone angle. The weighted projection data are filtered raw-by-

raw by multiplying a ramp-filter in the Fourier domain, in order to remove the statistical noise in the 

reconstructed volume. The filtered images are finally back-projected in 3D, thus determining the 

summed intensities at each voxel of the CBCT volume. Geometric non-idealities due to flexions 

and torsions in gantry rotation are corrected by the XVI software in the reconstruction process by 

using the calibration flexmaps [Sharpe 2006]. The CBCT projections are shifted according to the 

flexmap corrections estimated at the corresponding angle prior to 3D image reconstruction. As 

described in Section 2.2.2, the 3D volume reconstructed from the acquired cone-beam projections is 

used to update the tumour baseline in the 4D CT motion model according to the daily variations of 

patient's anatomy. The mid-position CT image is non-rigidly registered to the CBCT volume, and 

the obtained vector field is applied to the planning GTV contours to compute the tumour baseline 

adapted at each specific treatment fraction. The baseline corrections computed for the lung cancer 

patients included in the database are depicted in Table 3.3, showing the difference along the three 

spatial directions between the tumour centroid in the planning mid-position CT image and in the 

fraction-specific updated baseline volume. Substantial shifts in tumour baseline were measured in 
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most patients, with maximum absolute values of 6.4, 8.8 and 9.8 mm along the ML, AP and SI 

directions, respectively. As reported in Table 3.3, the 3D distances of the tumour centroids acquired 

during planning and treatment phases range between 1.4 and 12.1 mm, with a mean value of 5.6 

mm. Since the CBCT scan is acquired before setup corrections, the estimated baseline shifts can be 

mainly associated to errors in patient positioning, but inter-fraction changes in muscle tone or 

stomach filling can also be involved [Shirato 2004]. 

  

Table 3.3. Shifts between tumour centroids extracted from the mid-position CT planning image and from the fraction-

specific updated baseline along ML, AP and SI directions. The 3D tumour distance between planning and treatment 

phases is reported in the last column of the table for each lung cancer patients included in the database. 

Patient 
ML baseline 

shift (mm) 

AP baseline 

shift (mm) 

SI baseline 

shift (mm) 

3D baseline 

shift (mm) 

P1 -6.4 -4.5 -1.4 7.9 

P2 0.2 -6.6 1.1 6.7 

P3 0.2 0.9 1.1 1.4 

P4 -2.0 1.3 -0.9 2.6 

P5 -3.6 -8.8 -7.5 12.1 

P6 0.2 3.1 -1.0 3.3 

P7 -4.2 -3.7 -9.8 11.3 

 

 3.1.3.3    VisionRT surface imaging 

 For each patient of the database, the external thoraco-abdominal surface was continuously 

acquired during the corresponding cone-beam CT scan by using the VisionRT optical system 

(Vision RT, London, UK). As described in Section 1.4.2.2, the VisionRT is a markerless video-

based surface imaging device based on non-invasive stereo-photogrammetric techniques for the 

reconstruction of a dynamic 3D surface model. The VisionRT installed at the Centre Léon Bérard 

and used for the acquisition of the surface data included in the database is depicted in Figure 3.1. 

The two treatment pods are suspended from the room ceiling at a symmetrical position with respect 

to the treatment couch. The stereo-cameras are calibrated with respect to the isocentric system of 

the treatment unit using a specific calibration plate with a printed grid of black spots (Figure 3.6). 

The calibration plate is positioned on the treatment couch relative to the light-field cross wire of the 

room lasers at three specific heights of the treatment couch, corresponding to -20, 0 and +20 cm 

from the radiation isocenter. At each couch position, a photo of the calibration grid is acquired by 

each stereo-camera and the grid points are automatically identified by the VisionRT calibration 
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software. This procedure allows to compute the transformation matrix that correlates the camera 

coordinate frame of the VisionRT system to the isocentric coordinate frame of the accelerator. 

System calibration is performed monthly and verified on a daily basis according to vendor 

recommendations. The daily process of calibration verification is similar to the full monthly 

calibration, but only a single plate position corresponding to a zero couch height is required. 

 

 

Figure 3.6. Photo of the planar grid of black spots used for the calibration of the VisionRT surface imaging system.  

 

 According to the protocol defined for surface data acquisition, the GateCT program was 

selected as the more appropriate operation mode for the present application, since it allows the 

continuous dynamic scanning of the whole patient surface. Dynamic surface models are provided 

also by the AlignRT mode at a very low acquisition frame rate, since this program performs in real-

time the 3D surface reconstruction by merging data from both imaging pods. Experimental tests 

performed with the AlignRT system showed frequencies lower than 1 frame per second (fps) when 

the entire body surface was acquired, whereas for small region of interest with approximately 10 cm 

side the frame rate proved to be about 5 fps. The GateCT program allows to achieve higher 

scanning frequencies without selecting any ROI, since surface data are acquired from a single 

imaging pod and the 3D reconstruction is performed off-line, as explained in Section 1.4.2.2. Table 

3.4 lists the mean frame rates of GateCT surface acquisitions obtained for the patients of the 

collected database. The number of surface points included in the thoraco-abdominal region of 

interest selected for the extraction of the breathing surrogate signal is also reported in the Table. 

The number of surface points for the collected patients varied from 871 to 1892, with a mean value 

of 1340. The surface frame rates ranged between 7.9 and 9.1 fps, depending on the size of the 
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surface portion visible from the VisionRT stereo-cameras. These surface scanning frequencies were 

considered adequate for the present application, since they are about twice the frame rate of CBCT 

projection acquisition.  

 

Table 3.4. Mean value of surface acquisition frequencies obtained with the GateCT program for the patients in the 

database, and number of points included in the thoraco-abdominal ROI selected for the extraction of the breathing 

surrogate signal. 

Patient 

Mean frame rate of 

surface acquisition 

(fps) 

Number of points 

in the thoraco-

abdominal ROI 

P1 7.9 1892 

P2 8.2 1173 

P3 7.9 1191 

P4 8.5 1174 

P5 8.1 1572 

P6 9.1 871 

P7 8.2 1507 

 

The application of the GateCT program for surface motion acquisition involved several 

disadvantages due to the use of a single imaging pod. An example of patient surface and 

corresponding thoraco-abdominal ROI acquired with the GateCT operation mode is shown in 

Figure 2.10. Almost the entire body surface can be captured with the single-pod GateCT scan, 

excluding about one third of the surface located on the side opposite to the imaging pod. The use of 

one pod implied also problems related to patient's surface occlusion due to gantry rotation during 

the CBCT scan. When the rotating structures of the treatment unit (such as the gantry, the CBCT X-

ray source and the flat-panel detector) pass in front of the VisionRT imaging pod, the visibility of 

the patient's external surface is completely hindered for the optical stereo-cameras. The imaging 

pod located on the right-side of the treatment couch was selected for surface data acquisition since it 

minimizes the period of occlusion time, given the clock-wise rotation of the gantry and CBCT unit. 

This allows about 35 seconds of surface scan without occlusions, corresponding to the acquisition 

of about 300 surface frames and 200 cone-beam images. The number of breathing cycles that can be 

evaluated in the non-occluded temporal window was considered sufficient for the present tumour 

tracking study.  

Partial occlusions of the patient's external surface during a GateCT scan can also be caused 

by the inappropriate positioning of the horizontal bar of the HexaPOD system, as shown in Figure 
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3.7a. If the markerized bar is not attached low enough to the treatment couch, it can cover the 

abdominal portion of the patient's skin. Surface occlusions due to the lateral handles of the 

stereotactic body frame (Figure 3.7b) and to the trousers worn by the patients (Figure 3.7c) can also 

occur. A too or less intense surface illumination may hinder the visibility of the speckle pattern 

projected on the patient surface, resulting in holes in the reconstructed meshes. The setting of the 

VisionRT system parameters was optimized according to the specific acquisition conditions. In 

particular, the value of the "skin tone" parameter (fair, mid or dark), which controls the exposure of 

the speckle projector, was set on a patient-specific basis, to minimize the presence of surface holes 

due to inadequate surface illumination. At the end of each GateCT surface scan, the "Review and 

export" functionality of the GateCT program was used to export the associated acquisition file, 

containing for each captured frame the information about the relative timestamp, namely the time 

elapsed since the start of the surface scan. As explained in the Section 2.6.1, this file was used for 

the synchronization between the cone-beam CT scan and the optical surface acquisition. 

 

 

Figure 3.7. Photo acquired by the optical cameras of the VisionRT surface imaging system, in which partial surface 

occlusion is visible due to the HexaPOD horizontal bar (Panel a), to the lateral handle of the stereotactic body frame 

(Panel b) and to the trousers worn by the patient (Panel c). 

 

3.2    CBCT/VisionRT synchronization 

 3.2.1    Temporal accuracy 

 The temporal accuracy of the image-based method for the synchronization of the cone-beam 

CT scan and the VisionRT optical surface acquisition, described in Section 2.6.1, was evaluated on 

a moving phantom. As shown in Figure 3.8, the test phantom is composed by a planar horizontal 

surface moved by a microprocessor-controlled stepping-motor along a sinusoidal trajectory, thus 
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simulating the breathing motion of the patient's thoraco-abdominal surface. The employed phantom 

provides the possibility to adjust the amplitude and frequency parameters of its sinusoidal motion. 

For the experimental testing of the developed synchronization method, 8 simultaneous 

CBCT/VisionRT acquisitions of the moving phantom were performed. The amplitude of the 

sinusoidal motion was set to 15 mm, while the frequency was varied from 0.75 to 1 Hz, as reported 

in Table 3.5. For each synchronization test, 50 CBCT images were acquired and used for the 

accuracy evaluation, corresponding to about 9 seconds of phantom motion acquisition. 

 

  

Figure 3.8. Photo of the phantom used for the experimental evaluation of the temporal accuracy of the developed 

image-based synchronization method. The phantom's moving surface is depicted in the figure. 

 

 The phantom motion signals extracted from the CBCT images and from the VisionRT 

optical surfaces were compared after applying the developed synchronization technique. A 

radiopaque marker was placed approximately at the centre of the phantom's horizontal surface, thus 

allowing the tracking of the surface motion in cone-beam CT projections (Figure 3.9). Threshold-

based segmentation algorithms were applied to identified the position of the radiopaque marker in 

the CBCT images, obtaining the vertical trajectory of the phantom's surface. The VisionRT system 

in the single-pod GateCT operation mode was used to optically acquired the phantom motion. The 

GateCT modality provides the trajectory associated to a surface point manually selected by the user 

at the beginning of the optical surface scan. In particular, the program computes the mean vertical 

motion of the surface points reconstructed in a circular region of interest with 5 cm radius, cantered 

in the selected point. For the present application, the tracking point was chosen in correspondence 

of the radiopaque marker. For all the 8 synchronization tests, the motion signal extracted by the 
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GateCT program from the captured surface frames was stored, along with the relative acquisition 

timestamps of each surface frame. 

 

Table 3.5. Experimental results of the phantom tests performed to evaluate the accuracy of the developed 

CBCT/VisionRT synchronization method. The temporal difference between the zero-crossings and the sinusoidal peaks 

of the phantom motion signals extracted from cone-beam images and optical surfaces are expressed as median value 

[25
th

  75
th

 percentile]. 

Test 

Frequency of 

phantom motion 

(Hz) 

CBCT starting 

angle difference (°) 

Zero-crossings 

difference (msec) 

Sinusoidal peaks 

difference (msec) 

T1 0.75 0.05 -2.6 [-11.2  26.1] 4.4 [-2.8  11.6] 

T2 0.85 0.07 19.5 [7.6  36.3] 12.9 [11.5  14.4] 

T3 1.0 0.08 -8.1 [-12.3  15.8] 1.1 [-0.7  2.9] 

T4 1.0 0.07 -2.4 [-16.1  10.7] 1.2 [1.1  1.3] 

T5 1.0 0.09 -5.4 [-15.3  16.6] 0.8 [-0.2  1.8] 

T6 1.0 0.09 4.7 [-21.1  18.8] 2.8 [0.3  5.4] 

T7 1.0 0.04 -7.4 [-20.2  4.6] -3.1 [-5.8  -0.3] 

T8 1.0 0.08 6.2 [-24.3  45.0] 7.8 [4.1  11.4] 

   

 

Figure 3.9. Cone-beam CT projection of the phantom employed for the synchronization tests. The radiopaque marker 

used for the CBCT tracking of phantom's moving surface is shown in the figure. 

 

 Two different approaches were developed to compare the phantom's surface trajectories 

obtained from the synchronized cone-beam CT and VisionRT optical acquisitions. The first 

evaluation strategy was based on the computation of the zero-crossings of the two motion signals 
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normalized between -1 and +1. The timestamps associated to the zero-crossings were computed as 

the intersection points between the zero-value horizontal axis and the motion signals, obtained by 

linearly interpolating the phantom's surface positions measured in the cone-beam projections or in 

the VisionRT frames. The estimated temporal differences between the zero-crossing timestamps of 

the motion signals derived from the synchronized CBCT/VisionRT acquisitions are reported in 

Table 3.5. The median value of the temporal differences obtained for each phantom test ranged 

between -8.1 and 19.5 msec. The maximum value of the inter-quartile range, calculated as the 

difference between the 75
th

 and 25
th

 percentiles of the timestamp differences, proved to be about 70 

msec. The linearly fitted motion signals estimated for a phantom test are depicted in Figure 3.10a. 

 

 

Figure 3.10. Linear (Panel a) and sinusoidal (Panel b) fitting of the phantom's motion signals estimated from the cone-

beam projections and from the VisionRT surfaces for the first synchronization test (T1). 

 

 To overcome the limitation of the described evaluation strategy related to the linear 

approximation of the motion signals, a second approach was developed based on a sinusoidal 

fitting. The signals extracted from the synchronized CBCT/VisionRT scans were fitted with the 

following sinusoidal model using a non-linear least-squares approach: 

 ))(2sin()(   txfAty ,                                                  (3.1) 

where A, f and φ are the amplitude, frequency and initial phase parameters of the phantom's motion 

signals. The sinusoidal fitting of the motion signals obtained for a phantom test is shown in Figure 

3.10b. The timestamps associated to the maximum and minimum peaks of the fitted sinusoids were 
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computed for both the CBCT and VisionRT scans. Table 3.5 reports the temporal differences 

between the estimated peaks of the cone-beam and optical signals for each synchronization test. The 

median value of the measured differences ranged between -3.1 and 12.9 msec, with a maximum 

inter-quartile range of about 15 msec. 

 

 3.2.2    Angular model accuracy 

 As described in Section 2.6.1, the developed image-based synchronization method used a 

linear angular model to correlate the cone-beam projection angle with the position of the CBCT 

panel identified in the captured VisionRT photos. The accuracy of the built linear model, 

represented in Figure 2.27a, was evaluated for all the 8 phantom tests by considering the starting 

angle of the cone-beam CT scan. The real value of the initial angular position of the CBCT system 

was derived from the acquisition file associated to the specific CBCT scan. The obtained value was 

compared with the angle estimated from the VisionRT photos with the linear angular model. In 

particular, the 10 photos captured before the starting of cone-beam CT acquisition were considered. 

The distances of the elliptic feature on the CBCT panel from the top-left corner of the extracted 

ROI was computed for all the 10 photos according to the procedure explained in Section 2.6.1. The 

mean value of the feature's distances was used to derive the CBCT starting angle from the model's 

linear polynomial. The differences between the real and estimated starting angles of the cone-beam 

CT scan for each of the phantom tests are reported in Table 3.5. All the measured angular 

differences proved to be lower than 0.1°, with a mean value of 0.07°.  

 The accuracy in the estimation of the cone-beam CT starting angle by using the linear 

angular model built for CBCT/VisionRT synchronization was assessed also for the cone-beam CT 

acquisitions of the lung cancer patients included in the database. This procedure allows to verify the 

long-term validity of the angular model, estimated several weeks before the patient's treatment 

fractions. Table 3.6 reports the real angular positions of the CBCT system for the 7 cone-beam CT 

scans of the collected database, and the respective angles estimated from the 10 VisionRT photos 

captured before the beginning of the cone-beam CT acquisition. The nominal CBCT starting angle 

is -180°, since the initial rotational position of the treatment gantry is at -180°, namely the gantry is 

located below the treatment couch. As reported in Table 3.6, the real initial angle of the CBCT 

system is lower than the nominal one, due to the mechanical limitations in the treatment gantry 

rotation. The angular differences measured between the real and the estimated CBCT starting angles 

varied from -0.1 to 0.2°, with a mean absolute value of 0.08°. The results obtained for patient data 



107 

 

proved to be comparable with the phantom tests, thus confirming the long-term validity of the linear 

angular model built for CBCT/VisionRT synchronization.  

 

Table 3.6. Comparison between the real rotational positions of the CBCT system at the beginning of the cone-beam CT 

scans included in the database and the angles estimated from the linear model built for CBCT/VisionRT 

synchronization. 

Patient 
Real CBCT 

starting angle (°) 

Estimated CBCT 

starting angle (°) 

Angular 

difference (°) 

P1 -178.07 -178.10 0.03 

P2 -178.53 -178.43 -0.10 

P3 -178.50 -178.59 0.09 

P4 -178.60 -178.65 0.05 

P5 -178.27 -178.47 0.20 

P6 -178.38 -178.42 0.04 

P7 -178.61 -178.67 0.06 

 

3.3    Contrast-enhanced tumour detection 

 The accuracy of the developed contrast enhancement technique for markerless tracking of 

lung tumours in 2D projection images, described in Section 2.5.1, was experimentally evaluated on 

the cone-beam CT acquisitions collected for the 7 lung cancer patients of the database. Each CBCT 

dataset includes about 650 two-dimensional images, acquired over a full 360° of gantry rotation. 

This allowed to test the performance of the developed tracking method as a function of the 

projection angle. Exemplificative results for three selected patients are reported in Figure 3.11, 

depicting the difference between the original cone-beam projections simply adjusted for intensity 

and the corresponding contrast-enhanced images, with the overlying contours of the matched 

tumour templates. These results qualitatively highlight the ability of the proposed method in 

improving tumour region visibility at different projection angles and reducing the overlying effect 

of the nearby anatomical structures, such as the spine in the first example and the rib cage in the 

second one. 

 The tumour tracking performance of the developed technique was quantitatively evaluated 

in terms of target identification rate, tumour contrast-to-noise ratio (CNR) and 2D/3D tracking 

accuracy. The effective gain of contrast enhancement on the above listed indices was assessed by 

comparing the obtained results with the outcomes of the state-of-the-art techniques based on 

template cross-correlation with no contrast enhancement. The state-of-the-art methods were 
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reproduced according to [Hugo 2010, Lewis 2010], implementing the cross-correlation between the 

original cone-beam images and the digital reconstructed radiographs generated from the MIP CT 

volume at the corresponding angles. Differently from the proposed contrast-enhanced approach, in 

the state-of-the-art technique the reference templates include not only the tumour but also the whole 

surrounding anatomy. The tumour region of interests are extracted from both the CBCT projections 

and the simulated DRR templates, using the same ROI selection approach developed for the 

contrast enhancement technique. The grey-level values of the extracted ROIs are scaled between 0 

and 1 using a linear mapping, thus adjusting and conforming image intensities before performing 

the cross-correlation.  

 

 

Figure 3.11. Representative examples of the original intensity-adjusted cone-beam projections and corresponding 

contrast-enhanced images with the overlying contours of the matched tumour templates for three selected lung cancer 

patients of the database at different CBCT rotational angles. 

 

 3.3.1    Target identification rate 

 For both novel and conventional tracking techniques, target identification rates were 

estimated as the percentage of CBCT projections over the entire image dataset in which tumour was 

successfully detected. The distance from the expected two-dimensional coordinates of the 3D 
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CBCT tumour centroid, as well as the distance from the tumour positions identified in the close 

projections of the CBCT scan sequence, were considered to assess correct target recognition. The 

expected tumour centroid positions on each cone-beam image were obtained by projecting at the 

corresponding angle the tumour centroid segmented in the reconstructed CBCT volume, as further 

explained below. Visual inspection was required for the estimation of the target identification rates, 

to exclude wrong detections biased by the surrounding anatomical structures. The visual 

verification of correct target identification was performed using a specifically implemented 

graphical user interface (GUI). The GUI shows the tumour ROIs extracted from both the original 

and the contrast-enhanced CBCT projections, overlaying the tumour contours in the position 

identified with the state-of-the-art and the proposed novel tracking methods (Figure 3.12). For each 

rotational position, tumour contours are extracted by segmenting the GTV volume projected at the 

corresponding angle.  

 

 

Figure 3.12. Tumour detection performed with the state-of-the-art tracking technique and with the proposed contrast 

enhancement approach in a cone-beam CT lateral projection of a lung cancer patient included in the database. 

 

 Figure 3.13 shows the comparative results related to the target identification rates obtained 

by applying the proposed contrast-enhanced method and the state-of-the-art tracking techniques for 

the 7 lung cancer patients included in the database. The percentage of tumour detection was on 

average 63±5% in the contrast-enhanced CBCT images and 52±7% when conventional detection 

was applied on original projections with intensity adjustment and no contrast enhancement. The 
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gains in tumour detection obtained with the proposed tracking method range between 6% and 37%, 

with a mean value of 24%. This corresponds on average to 76 projections per cone-beam CT scan in 

which tumour could be detected only by applying the contrast enhancement. The relationship 

between the target identification rate and the CBCT projection angle was also investigated. Figure 

3.14 shows the rate of target recognition successfully achieved with the developed contrast-

enhanced method over the entire patient database as a function of the angular position of the cone-

beam CT system. The projection angles were divided in two different groups, represented by the 

lateral and frontal angles, according to the following conditions: 

      180,13545,45135,180latangle  ,                            (3.2) 

     135,4545,135frontangle .                                             (3.3) 

As depicted in Figure 3.14, CBCT images acquired at lateral projection angles featured a tumour 

detection rate of 46±18%, while frontal angles showed higher rates of about 80±16%. According to 

our experience, there was no patient case in which the lesion could be detected in the totality of 

CBCT images. Especially on lateral projections, the overlap of the surrounding anatomical 

structures completely hindered tumour visibility, thus excluding any detection possibility both with 

conventional and contrast-enhancement methods. The limited target identification rates could also 

be related to the small size of the patient's lung lesions included in the selected database, showing a 

tumour volume down to 0.5 cm
3
 (Table 3.1). Lung lesions with reduced sizes are more difficult to 

visualize on CBCT projections, since they feature lower image contrast. However, patients with 

higher tumour sizes were not available for this study, since the clinical protocol applied at CLB sets 

a specific limit for lung lesion's diameter in case of stereotactic body radiotherapy treatments. 

 

 

Figure 3.13. Comparison of target identification rates obtained with the proposed contrast enhancement method and 

with the state-of-the-art tracking techniques for the 7 lung cancer patients of the database. The percentage gains in 

tumour detection on contrast-enhanced images are reported for each patient. 
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Figure 3.14. Percentage of successful tumour detections computed over the entire patient database for each CBCT 

projection angle.  

 

 3.3.2    Tumour contrast-to-noise ratio 

 The ability of the proposed contrast-enhanced tracking method in increasing tumour region 

visibility in CBCT projection was assessed through the contrast-to-noise ratio metric. As depicted 

in the following equation, the tumour CNR was computed as the difference in the mean pixel 

intensity between the region T included in the tumour contours identified on the original and 

contrast-enhanced projections and the surrounding region of background B in the selected image 

ROI:  

)(std

)(mean)(mean

B

BT
CNR


 .                                                  (3.4) 

The intensity difference was divided by the image noise, computed as the standard deviation of the 

background region.  

 Table 3.7 reports the comparison of the contrast-to-noise ratio computed on the CBCT 

projections in which tumour was successfully detected with the contrast-enhanced method and with 

the state-of-the-art tracking technique. The median CNR values estimated for the 7 lung cancer 

patients vary from 1.3 to 1.7 in the contrast-enhanced images, while a CNR range between 0.5 and 

0.8 was measured when applying the conventional method on the original projections. As depicted 

in Table 3.7, the median value of the CNR percentage gains proved to be 136%, varying from 71% 

to 194%. According to the obtained results, the proposed contrast enhancement technique allows a 

significant increase of the image contrast between the lung lesions and the surrounding anatomical 

structures. The non-parametric Wilcoxon rank-sum test was applied to verify the statistically 

significantly difference between the CNR values computed with the novel contrast-enhanced 

method and with the conventional state-of-the-art tracking technique, obtaining a p-value lower 

than 0.001.  
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Table 3.7. Tumour contrast-to-noise ratio computed for the CBCT projections included in the database, in which lung 

tumour was successfully detected with the contrast enhancement method and with the state-of-the-art tracking 

technique. The CNR percentage gains in contrast-enhanced images is also reported for each patient. CNR results are 

expressed as median value [25
th

  75
th

 percentile]. 

Patient 

CNR with   

contrast-enhanced 

method 

CNR with       

state-of-the-art 

technique 

CNR gain           

(%) 

P1 1.6 [1.3  1.9] 0.6 [0.5  1.0] 136 [74  204] 

P2 1.6 [1.3  1.9] 0.6 [0.3  0.9] 166 [83  404] 

P3 1.3 [1.1  1.5] 0.8 [0.6  1.0] 71 [30  126] 

P4 1.7 [1.4  2.0] 0.5 [0.4  0.7] 228 [148  417] 

P5 1.5 [1.3  1.7] 0.5 [0.3  0.8] 194 [98  458] 

P6 1.3 [1.1  1.6] 0.6 [0.4  0.9] 116 [55  231] 

P7 1.5 [1.2  1.8] 0.6 [0.4  0.9] 133 [88  207] 

 

 3.3.3    2D/3D tracking accuracy 

 Several research groups have evaluated the accuracy of tumour tracking applications by 

means of comparison with the manually defined ground-truth, obtained by visually locating lung 

lesions on kV or MV images [Lewis 2010, Rottmann 2010]. In our patient cases, however, tumours 

were not visible on most CBCT projections, thus hindering the possibility of manual identification 

of target ground-truth. This limitation pushes towards the application of strategies for the 

assessment of tracking discrepancies with respect to the corresponding information on tumour 

localization coming from the 3D CBCT volume. Two alternative approaches were developed for the 

quantitative evaluation of the tumour tracking accuracy in 2D and 3D provided by the proposed 

contrast enhancement method. Both approaches require lung lesion segmentation in the 3D cone-

beam CT volume reconstructed from the analyzed 2D projections. Since in our patient database 

tumour contours are clinically available only on the MIP CT image, we performed contour 

propagation by non-rigidly registering the MIP with the CBCT volume. B-spline deformable 

registration algorithms were applied [Sharp 2010], using the normalized mutual information as 

similarity metric. The ITV contours delineated on the MIP image were propagated according to the 

computed deformation vector field. The propagated contours were used to extract the binary tumour 

volume and the respective centroid from the reconstructed 3D CBCT image. The tumour volume 

extracted from the cone-beam CT represents the mean target position weighted over all breathing 

cycles performed by the patient during the acquisition of CBCT projections. Since the developed 
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strategies for the evaluation of the contrast-enhanced tracking method are based on the 

reconstructed CBCT tumour volume, we could assess only the accuracy in the estimation of the 

mean tumour position on the 2D projections and in the 3D space, called respectively 2D and 3D 

tracking accuracy. Since the ground-truth information on the tumour trajectory was not available, 

the accuracy in the measurement of the range and shape of tumour motion could not be evaluated. 

 For the assessment of the 2D tracking accuracy, the tumour centroid extracted from the 

cone-beam CT volume was projected at each angular position of the CBCT scan, thus obtaining the 

reference baselines of target trajectories along the horizontal and vertical image directions. These 

baselines represent the mean positions assumed by the tumour centroid during the whole CBCT 

scan acquisition. Flexmap corrections are applied to the obtained baselines to compensate for the 

discrepancy between the radiation isocenter and the mechanical isocenter of the CBCT system. The 

reference target baselines were compared to the mean tumour positions estimated from the 2D 

target trajectories identified with the proposed tracking method on the contrast-enhanced 

projections. A moving average filter with a window size of 100 samples was applied to the tumour 

trajectories detected on the CBCT images, thus obtaining the estimated target baselines. The 2D 

tracking error was defined as the median difference between the reference and the estimated 

respiratory tumour baselines computed along the horizontal and vertical image directions.  

 An example of tumour centroid trajectories identified in the contrast-enhanced CBCT image 

sequence of a patient in the database is shown in Figure 3.15. Breathing motion is evident both 

along the horizontal and vertical image dimensions. Horizontal dimension corresponds to the 

projection of AP and ML components of tumour motion, while vertical dimension represents 

tumour motion projection along SI direction. The reference baselines obtained from the projection 

of the 3D CBCT tumour centroid are also depicted in Figure 3.15. A sinusoidal trend is 

superimposed to the target trajectory and baseline along the horizontal direction, since the AP and 

ML components of tumour motion are projected along a dimension orthogonal to the axis of 

rotation of the gantry, which changes continuously with the projection angle. For both image 

directions, the 2D tumour trajectories and baselines are also influenced by flexmaps. 

 Table 3.8 reports the 2D tracking accuracy in estimating the horizontal and vertical tumour 

trajectories on cone-beam CT images with the contrast enhancement method and with the state-of-

the-art techniques for each lung cancer patient of the database. The median [25
th

  75
th

 percentile] 

value of the absolute 2D tracking errors on the contrast-enhanced CBCT projections was 1.9 [1.5  

2.7] mm along the horizontal image direction and 1.9 [1.1  2.7] mm along the vertical image 

direction. When state-of-the-art tracking techniques were applied, 2D tracking errors of 2.2 [1.9  

2.7] mm and 1.7 [1.2  2.9] mm were found for the horizontal and vertical tumour trajectories, 



114 

 

respectively. The correlation between the 2D tracking accuracy and the amplitude of respiratory 

tumour motion for the two image dimensions was also investigated. Breathing amplitude was 

computed as the difference between the 95
th

 and 5
th

 percentiles of the distribution of the horizontal 

and vertical tumour positions identified in the contrast-enhanced images, subtracting baseline trends 

obtained through moving average filters. As depicted in Table 3.8, the range of the obtained 

respiratory amplitudes was 7.014.3 mm for the horizontal image dimension and 4.112.0 mm for 

the vertical direction. For 5 out of 7 patients, the projection of AP and ML components of 

respiratory tumour motion showed higher amplitudes than the projected target motion along SI 

direction. No significant correlation was found between tumour motion amplitudes and absolute 2D 

tracking errors, obtaining Pearson linear coefficients of 0.6 and 0.1 for the horizontal and vertical 

image directions, respectively. 

 

 

Figure 3.15. Two-dimensional tracking results obtained for the cone-beam projections of patient P1. Blue points 

represent the horizontal and vertical trajectories of the tumour centroid identified with the proposed tracking technique 

on the contrast-enhanced images. Black points corresponds to the 2D projected coordinates of the lesion centroid 

segmented in the 3D CBCT volume. 

 

 The 3D tracking accuracy was evaluated by comparing the 3D coordinates of the tumour 

centroid extracted from the 3D CBCT volume and the 3D tumour position reconstructed from the 

2D trajectories obtained from contrast-enhanced CBCT projections. For each successful target 

detection, a projection image was created keeping only the tumour template in the identified 

position (Figure 3.16a). For each projection angle, the tumour template is shifted in both directions 

according to the corresponding flexmap corrections. The Plastimatch implementation of the 

Feldkamp-Kress-Davis filtered back-projection algorithm [Sharp 2009] was applied to reconstruct 

the 3D tumour volume from the created projection images. The geometry parameters of the 
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employed CBCT system that need to be specified to the FDK program include the source-to axis 

distance, the source-to-imager distance and the spatial resolution of the reconstructed volume. For 

the Elekta Synergy system, the output 3D CBCT image has a size of 410410264 pixel along the 

ML, AP and SI directions, respectively, with a resolution of 1 mm/pixel in each direction. An 

example of tumour volume reconstructed with the FDK program from the 2D tumour template 

projections is shown in Figure 3.16b. Threshold-based segmentation algorithms were applied to 

extract the tumour centroid from the reconstructed volume. 

 

Table 3.8. Amplitude of respiratory tumour motion along the horizontal and vertical image dimensions and 2D tracking 

errors in estimating target trajectory on CBCT projections with contrast-enhanced and state-of-the-art methods.  

Patient 

Breathing amplitude 

(mm) 

2D tracking errors for 

contrast-enhanced method 

(mm) 

2D tracking errors for     

state-of-the-art technique 

(mm) 

Horizontal 

direction 

Vertical 

direction 
Horizontal 

direction 

Vertical 

direction 
Horizontal 

direction 
Vertical 

direction 

P1 9.8 6.1 -1.9 -2.6 -1.9 -1.8 

P2 14.3 9.9 -1.4 -1.1 -2.2 1.7 

P3 8.7 4.1 -1.6 -3.0 -1.9 -2.0 

P4 7.0 5.5 -2.6 -0.4 -2.8 1.2 

P5 10.1 12.0 -2.7 -1.9 -2.6 2.0 

P6 11.0 6.0 -1.0 1.1 -1.7 1.2 

P7 8.0 8.6 -2.7 -2.7 -3.5 0.4 

 

 

Figure 3.16. 3D tumour volume (Panel b) reconstructed with the FDK filtered back-projection algorithm from the 2D 

images including only the tumour template in the position identified with the contrast-enhanced method (Panel a). 
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 The 3D tracking error was computed as the difference between the 3D coordinates of the 

tumour centroid extracted from the 3D CBCT image and the 3D position of the target centroid 

obtained from the FDK reconstructed volume. Table 3.9 lists for each patient of the database the 

results of the 3D tracking accuracy in estimating tumour centroid position using the contrast-

enhanced and the state-of-the-art tracking techniques. The contrast enhancement method showed 

median 3D errors of 0.5 [0.3  0.7] mm, 0.3 [0.2  1.15] mm and 0.4 [0.15  1.1] mm along the 

ML, AP and SI directions. 3D tumour tracking errors obtained with conventional methods were 

significantly higher, measuring 1.3 [0.7  1.5] mm, 1.5 [1.3  2.5] mm and 2.3 [1.3  2.7] mm for 

ML, AP and SI coordinates, respectively. The results concerning the 2D and 3D tracking accuracy 

obtained for conventional state-of-the-art methods are comparable with the tracking performance 

reported in literature by previously published works [Lewis 2010, Hugo 2010]. 3D errors computed 

with and without enhancement proved to be statistically significantly different for AP and SI 

tumour coordinates, as obtained with a Wilcoxon paired signed-rank test (p-value lower than 0.05). 

These results demonstrate a relevant improvement in tracking accuracy with the proposed contrast 

enhancement approach with respect to state-of-the-art techniques. 

 

Table 3.9. 3D tracking errors in estimating tumour centroid position with contrast-enhanced and state-of-the-art 

methods along ML, AP and SI directions.  

Patient 

3D tracking errors for 

contrast-enhanced method (mm) 
3D tracking errors for 

state-of-the-art techniques (mm) 

ML 

direction 

AP 

direction 

SI 

direction 

ML 

direction 

AP  

direction 

SI   

direction 

P1 0.7 0.1 0.2 1.9 -0.07 1 

P2 0.5 -1.6 1.4 1.3 -3.7 2.7 

P3 0.04 0.3 0.05 0.4 1.5 0.5 

P4 0.6 -0.7 2.2 -1.3 1.1 2.9 

P5 1.9 -0.08 0.1 1 1.4 2.6 

P6 0.5 -0.3 0.8 1.6 1.7 1.6 

P7 -0.1 1.7 0.4 -0.4 3.2 2.3 

 

3.4    Deformable surface registration 

 The accuracy of the developed deformable registration method, described in Section 2.3.1, 

in tracking external breathing motion from markerless surface imaging data was assessed in 5 male 

healthy volunteers. The VisionRT system available at the Centre Léon Bérard was employed for 
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surface data acquisition. The registration error was estimated based on the known position of 

multiple surface control landmarks. As shown in Figure 3.17a, 11 black star-shaped markers were 

placed on different portions of the thorax and abdomen of the subjects. The identification of the 

ground-truth position of the surface control points exploited the texturing capabilities of the 

VisionRT system, providing the grey-level representation of the reconstructed meshes (Figure 

3.17b). As described in Section 1.4.2.2, textured information is available only for static mesh 

acquisitions performed with the AlignRT program. Due to this technical limitation of the employed 

optical system, registration errors could be assessed only on statically acquired surfaces. The 

designed experimental testing of the developed registration algorithm covered however the whole 

range of surface motion. In fact, for each of the 5 subjects lying in supine position on the treatment 

couch, the thoraco-abdominal surface was statically acquired with the AlignRT system at three 

different respiratory phases, sampling the breathing cycle at the extreme and intermediate positions. 

The gating functionality provided by the AlignRT operation mode was exploited to gate surface 

acquisition at the desired phases of the respiratory cycle, represented by the inhale peak, exhale 

peak and an arbitrarily chosen intermediate position. Two subjects repeated the experiments twice, 

resulting in 7 full datasets for method evaluation. For each acquisition session, the three surfaces 

corresponding to different respiratory phases were pair-wise registered, acting alternatively as 

source and target mesh. This allows to increase the number of registrations available as validation 

data set, leading to 6 registrations per subject experiment, for a total of 42 registrations.  

 

 

Figure 3.17. Star-shaped black markers placed on the thoraco-abdominal surface of a test subject (Panel a) and 

corresponding textured mesh acquired with the AlignRT optical system, showing the structured light pattern projected 

on the subject surface (Panel b). The integrated surface model obtained by merging data from both imaging pods is also 

shown in the figure (Panel c). 
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 An example of the triangulated mesh captured by the AlignRT system for one of the test 

volunteers is shown in Figure 3.17c. In the selected operation mode, the integrated surface model is 

obtained by merging data captured from both imaging pods, thus covering a full 180° of field of 

view. The accuracy of the implemented registration algorithm was quantified both in terms of 

residual surface distance between the deformed source and the corresponding target mesh, and in 

terms of landmark localization error based on the known position of the surface control points. The 

obtained results were compared to the performance of rigid surface registration based on a standard 

ICP algorithm [Besl 1992], to assess the effective gain of using a deformable approach for 

registering thoraco-abdominal surfaces influenced by breathing motion. All computations regarding 

surface processing and accuracy evaluation were based on the Insight Toolkit (ITK) [Ibáñez 2005] 

and Visualization Toolkit (VTK) [Schroeder 2006] libraries. 

 The computational cost of the implemented deformable registration algorithm was evaluated 

for all the acquisition datasets, assessing the correlation with the mean number of vertices in the 

subject surfaces reconstructed with the optical system. For each acquisition session, Table 3.10 

reports the number of surface vertices averaged over the three acquired breathing phases and the 

mean time associated to a single iteration of the registration algorithm in the outer loop. The 

computational performance of the developed application was evaluated using a 2.53 GHz Intel Core 

2 Duo processor. The CPU time required per outer iteration ranged between 6.1 and 11.9 sec, and 

proved to be linearly correlated with the number of vertices in the registered meshes. The Pearson 

correlation coefficient between the computational time and the vertex number proved to be 0.9, with 

a p-value lower than 0.01.  

 

Table 3.10. Computational performance of the implemented deformable surface registration algorithm. The acquisitions 

of the two subjects who performed the test session twice are identified by A1A2 and M1M2. 

Acquisition 
Mean number of 

points per surface 

Mean computational 

time per outer loop 

iteration (sec) 

A1 9922 9.5 

A2 9896 8.8 

JA 9820 8.8  

JO 10854 10.1  

MA 14457 11.9  

M1 8427 6.1  

M2 8410 6.8  
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 The most time-consuming step of the implemented deformable surface registration 

algorithm is the Cholesky factorization of the linear system matrix, which is performed at each 

outer iteration, when the point correspondence weights are updated. This limitation derives from the 

adopted global regularization approach, which involves that each vertex has an influence on every 

other vertex of the mesh, resulting in a very large linear system that is costly to solve. Multi-

resolution strategies and/or a more local regularization approach, using for example a fixed-size 

vertex neighbourhood or GPU-based techniques, could potentially provide a significant reduction of 

the computational cost of the algorithm, which does not currently provide real-time performance. 

 

 3.4.1    Residual surface distance 

 The accuracy of the implemented deformable registration algorithm is evaluated by means 

of residual surface distance, which represents the Euclidean distance between each point of the 

deformed source mesh and the closest point on the corresponding target surface. The residual 

surface distance was computed over the entire dataset of 42 pairs of meshes acquired from the 5 

subjects at three different breathing phase. All points of the thorax and abdomen of the subjects 

reconstructed by the optical surface imaging system are taken into account for the estimation of the 

residual surface distance. A critical aspect that may negatively influence the accuracy of surface 

registration applied to the thoraco-abdominal area is the low spatial frequency of the considered 

surfaces due to the lack of geometrical features. Mesh registration was therefore performed without 

selecting any region of interest, since the decrease of spatial constraints due to the smaller patch 

size can lead to surface fitting degeneration, thus reducing the registration accuracy. For each 

subject acquisition, the 95
th

 percentile of the residual surface distance after performing deformable 

registration is reported in Table 3.11. Surface distances in the initial condition and after applying 

rigid mesh registration are also listed in the Table. Before applying mesh registration, the thoraco-

abdominal surface distances ranged between 3.9 and 7.5 mm. The 95
th

 percentile of the residual 

distances obtained with the rigid registration algorithm varied from 3.4 to 8.1 mm. After applying 

the developed deformable approach, the residual surface distances did not exceed 1.20 mm.  

 Figure 3.18 shows the surface overlap computed for different breathing phases of a test 

subject before and after deformable registration. The greater surface distances are localized along 

the central line that merges the surface models reconstructed by the two imaging pods of the 

AlignRT optical system. The merging process generates disconnected components near the mesh 

boundaries, resulting in higher registration errors. Optimized surface stitching algorithms can be 

used to increase mesh connectivity, thus improving the regularization step of the registration.  
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Table 3.11. 95
th

 percentile of the residual surface distances obtained with the implemented deformable registration 

algorithm, compared to the performance of rigid mesh registration and to the initial surface distances. 

Acquisition 

Residual surface distance (mm) 

Initial 

condition 

Rigid 

registration 

Deformable 

registration 

A1 7.5 8.1 0.8 

A2 7.2 6.1 0.8 

JA 4.1 3.4 0.5 

JO 5.6 3.7 0.4 

MA 3.9 3.4 1.1 

M1 6.7 4.4 1.2 

M2 7.5 4.7 1.1 

 

 

Figure 3.18. Surface overlap at different breathing phases before and after applying the developed deformable 

registration algorithm. The colour-based intensities represent the surface distance in the initial condition and after 

deformable registration. As can be noticed in the figure, the developed registration algorithm is also able to recover 

head rotations. 
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 3.4.2    Landmark localization error 

 The registration error based on the known position of multiple surface control landmarks 

was also estimated to quantify the accuracy of the developed deformable mesh registration 

algorithm. The texture information acquired with the AlignRT system was used for the visualization 

of the control points and for the identification of the respective ground-truth positions. Each vertex 

of the triangular faces in the acquired textured meshes is parameterized by 3D spatial coordinates 

defining the surface topology and by 2D coordinates for texture information. The 2D texture 

coordinates specify for each surface vertex the position of the corresponding 2D point in the texture 

photo captured by the optical camera. The grey-level intensity of the specified 2D point is used to 

colour the corresponding 3D surface vertex in the textured mesh. As shown in Figure 3.17a, the 

control markers placed on the thorax and abdomen of the subjects are represented by black stars 

with five tips. The 3D positions of the marker's tips were manually selected on the acquired textured 

surfaces, and the centroids of each marker were computed by averaging the corresponding tips. 

Depending on the marker location for the different subjects, the number of visible marker's tips that 

could be identified in all three breathing phases varied from 26 to 40, with an average number of 

about 36. The corresponding number of marker centroids ranged between 8 for two subject 

acquisitions, 10 for three acquisitions, and 11 for two acquisitions. For instance, for the textured 

surface depicted in Figure 3.17b, the marker on the right-part of the abdomen could not be tracked 

due to the presence of holes in the reconstructed mesh.  

 The measured errors in corresponding landmark localization may be partly related to the 

intrinsic imprecision of the optical imaging system in 3D surface reconstruction and to the 

inaccuracies in the identification of marker positions on the textured meshes. An analysis of the 

intra- and inter-operator variabilities in the manual selection of the tips of the star-shaped markers 

placed on the thoraco-abdominal surface of the test subjects was performed. In order to assess the 

intra-operator variability, the manual clicking of the marker's tips on a reference textured surface 

was repeated 10 times by a single operator. The intra-operator variability was computed as the 

difference between the tip coordinates selected by the operator in the first test and the tip positions 

identified in the other 9 tests. Figure 3.19a shows the resulting intra-operator differences related to 

the repeated clicking of the marker's tips on the reference textured surface. The variability in the 

identification of the marker's centroids, computed by averaging the coordinates of the 

corresponding tips, is also depicted (Figure 3.19b). The 75
th

 percentile of the intra-operator 

differences obtained for all tests proved to be 0.4 mm for tip selection and 0.2 mm for centroid 

identification.  
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 The inter-operator variability was instead assessed by comparing the positions of the 

marker's tips identified by 5 different operators on the three surfaces acquired for a test subject. The 

coordinates of the tips identified by the first operator on the three tested surfaces were taken as 

reference to compute the inter-operator differences. The obtained variability in the selection of 

marker's tips and centroid performed by the different operators is reported in Figure 3.19c and in 

Figure 3.19d, respectively. The 75
th

 percentile of the resulting differences was 0.8 mm in case of tip 

clicking and 0.5 mm in case of centroid identification. The centroid coordinates defined by the 5 

operators did not prove to be significantly different, by performing a Kruskal-Wallis non-parametric 

test with a p-value equal to 1. According to the obtained results, we used the positions of the 

centroids of the star-shaped surface markers to evaluate the accuracy of the developed registration 

algorithm, since they feature lower intra- and inter-operator variabilities with respect to the 

localization of the marker's tips. Due to the high reproducibility in centroid identification between 

different operators, the registration errors were computed by considering as ground-truth the 

centroid positions identified by a single operator. 

 

 

Figure 3.19. Intra- and inter-operator variability in the manual selection of the star-shaped marker tips on the textured 

surfaces (Panels a and c) and in the identification of the star centroids from the corresponding tips (Panels b and d). 

Boxplots depict the 25
th

, 50
th
 (median) and 75

th 
percentiles of the difference distribution. Whiskers extend from both 

sides of the box up to 100% of the quartile range and symbols (+) denote outliers. 
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 The landmark localization error was computed as the difference between the displacement of 

the control points selected on the textured surfaces, considered as ground-truth, and the motion 

estimated through the developed deformable registration algorithm. In order to account for the 

discretization of the acquired meshes, the landmarks selected on the source and target surfaces were 

projected on the respective meshes. The real marker motion was computed from the projected 

points, whereas the estimated marker motion was obtained by considering the three neighbouring 

vertices of the source mesh triangle that includes the projected landmarks. The displacements of the 

neighbouring vertices derived from deformable mesh registration were linearly interpolated to 

estimate the landmark motion. A sensitivity analysis of the main structural parameters of the 

developed deformable surface registration algorithm was performed by analyzing the landmark 

localization errors computed over the entire acquisition dataset as a function of the following 

variables:  

 start and final values of the stiffness factor α;  

 number of iteration steps in the outer loop;  

 threshold δ for the convergence of the inner iterative process.  

The results of the sensitivity analysis for the considered parameters are reported in Figure 3.20. The 

landmark localization error, expressed as the median error in the identification of the surface marker 

position for all test subjects, was computed by varying one parameter at a time. As depicted in 

Figure 3.20, the registration errors resulting from the sensitivity analysis ranged between 1.61 and 

1.69 mm. None of the tested parameters of the registration algorithm showed a significant influence 

on the overall registration accuracy. Slightly worse results were obtained for low numbers of outer 

iterations and for high final values of the stiffness factor, both contributing to a reduced ability of 

the surface to deform, namely to recover the breathing-induced deformation. 

 The outcomes of the developed algorithm corresponding to the lowest landmark localization 

errors were analyzed in detail. These results were obtained by using 25 outer iteration steps, with a 

stiffness factor ranging from 150 to 1 and a convergence threshold of 1/100. The distance between 

the surface control points in the initial condition and after applying rigid and deformable 

registration algorithms are depicted in Table 3.12 for all subject acquisitions. Before applying 

surface registration, the median value of the marker distances ranged between 2.5 and 5.3 mm. The 

median errors in landmark localization obtained with the rigid registration algorithm varied from 

2.1 to 6.4 mm, with a median inter-quartile range of 3.4 mm. After applying the developed 

deformable approach, the median registration errors did not exceed 2.3 mm, with a median inter-

quartile range of 1.6 mm. According to the obtained results, the performance of the developed 

deformable approach was superior to rigid procedures. For all except one of the subject 
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acquisitions, rigid surface registration yielded an increase in the distance between corresponding 

landmarks on the source and target meshes with respect to the initial condition (Table 3.12), 

although the overall surface distance was slightly reduced (Table 3.11). Rigid registration did not 

prove to be adequate when dealing with thoraco-abdominal surfaces, since it does not take into 

account for the deformation due to breathing motion. 

  

 

Figure 3.20. Registration errors (median ± inter-quartile range) in the identification of the marker centroids for the 

entire dataset of 42 registrations, as a function of the start stiffness factor (Panel a), final stiffness factor (Panel b), 

number of iterations in the outer loop (Panel c) and convergence threshold for the inner iteration process (Panel d). 

 

 The performance of the developed surface registration algorithm was separately evaluated 

for the markers located in the abdominal and thoracic regions, that were manually distinguished 

using the costal margin as separation line. The spatial variability of the registration accuracy in the 

thoraco-abdominal surfaces is illustrated in Figure 3.21. The error in landmark localization 

introduced by the deformable registration algorithm is separately plotted for the control points 

located in the thoracic and abdominal surface regions. The median value of the registration errors 

computed for all control points over the entire acquisition dataset was 1.6 mm, whereas it varied 

from 2.1 mm considering only the thoracic markers to 1.1 mm for the landmarks in the abdominal 

region. The error distributions estimated for the thoracic and abdominal control points proved to be 

statistically significantly different, by performing a Wilcoxon rank-sum test with a p-value lower 

than 0.01. 
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Table 3.12. Landmark localization errors for the implemented deformable registration algorithm, compared to the 

performance of rigid mesh registration and to the initial marker distances. Results are expressed as median value [25
th

  

75
th

 percentile]. 

Acquisition 

Landmark localization error (mm) 

Initial      

condition 

Rigid     

registration 

Deformable 

registration 

A1 5.3 [4.2  8.8] 6.4 [4.8  10.1] 2.1 [1.3  3.4] 

A2 3.8 [3.0  7.0] 5.7 [3.9  7.3] 2.3 [1.6  3.3] 

JA 2.8 [2.1  4.5] 2.9 [2.1  4.4] 1.4 [0.9  2.1] 

JO 3.4 [1.4  5.2] 3.7 [3.0  5.4] 1.0 [0.7  1.9] 

MA 2.5 [1.8  3.2] 2.1 [1.3  3.7] 1.4 [0.8  2.4] 

M1 3.3 [2.1  4.9] 4.1 [2.4  6.3] 1.5 [0.9  2.2] 

M2 4.1 [3.0  5.4] 4.2 [3.0  6.7] 1.8 [0.7  2.6] 

  

 

Figure 3.21. Spatial variability of the registration errors (median ± inter-quartile range), separately estimated for 

markers located in the thoracic and in the abdominal surface regions. 

  

 The accuracy of the implemented registration algorithm was evaluated as a function of the 

anatomical direction. The registration error components for each spatial direction were estimated, 

and the correlation between the overall registration accuracy and the direction of marker motion 

was established. The median error in the localization of all control points measured 0.7, 1.1 and 0.3 

mm in the ML, AP an SI directions, respectively. Figure 3.22 shows the registration errors 

computed along each anatomical direction as a percentage of the total summed error, computed by 

summing all three error components. The SI component was predominant (59%) for the localization 

error of the thoracic markers, whereas the landmarks in the abdominal region featured a higher 

registration error in the ML direction (43%). The percentage error in the AP direction proved to be 

lower than 20% for all control points. Finally, a significant linear correlation was found between the 
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total registration error and the marker motion in the SI direction, obtaining a Pearson correlation 

coefficient of 0.7 with a p-value lower than 0.01. The correlation results between the registration 

accuracy and the motion direction for a representative subject's acquisition are shown in Figure 

3.23. 

 

 

Figure 3.22. Localization errors for thoracic and abdominal control points along different anatomical directions, 

expressed as a percentage of the summed error. 

 

 

Figure 3.23. Registration errors computed for subject acquisition MA as a function of the marker motion in the three 

different spatial directions. The linear regression line is overlaid in red to the sample data. 

  

 The detailed analysis of the registration performance as a function of marker positions 

revealed that localization errors are significantly different for the thoracic and abdominal regions, 

featuring a higher correlation with the surface motion in the SI direction. As depicted in Figure 

3.24, the deformable registration algorithm can correctly estimate the AP motion of the abdominal 

surface portion, but mostly fails to recover the thoracic breathing motion in the SI direction. The 

limited ability of the developed registration approach in estimating the SI surface motion can be 

partly explained by the acquisition procedure of the employed surface imaging system. Since 

surface motion along the SI and ML axes is normal to the direction of the projected pattern of 

structured light, it causes the relative slipping of the pattern with respect to the underlying surface. 

Displacements in SI and ML directions are consequently more difficult to capture, as confirmed by 

the separate error analysis for each anatomical direction (Figure 3.22). As can be noticed in figure 

3.24, breathing surface motion features larger amplitude in the abdominal region along the AP 
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direction, whereas the thoracic motion component along the SI direction is limited. We can 

therefore suggest that the reduced accuracy of the implemented registration algorithm in recovering 

SI surface motion does not represent a critical aspect for clinical applications. 

 

 

Figure 3.24. Comparison between the actual motion of the thoracic and abdominal surface regions, and the 

displacement estimated through deformable mesh registration. 

 

 3.4.3    Multi-dimensional breathing motion tracking  

 The developed deformable registration algorithm was also applied to the dynamic external 

surfaces of a lung cancer patient included in the database, in order to investigate the method 

performance in tracking the multi-dimensional breathing motion from markerless optical surface 

acquisitions. As explained in Section 3.1.3.3, the single-pod GateCT modality of the VisionRT 

system was used to continuously acquire the thoraco-abdominal surface of the selected patient. The 

proposed deformable registration algorithm was applied to obtain the spatial correspondence 

between an arbitrarily chosen reference surface, represented by the first mesh of the acquired 

sequence, and the following surfaces. The estimated 3D trajectories of the surface points included in 

the thoraco-abdominal region of interest were used to derive a multi-dimensional breathing signal. 

The respiratory surface motion along the three spatial directions was obtained by averaging the 

individual coordinates of the extracted corresponding surface points. Principal component analysis 

was applied for each direction and the first principal component scores associated to each surface 

point were used to evaluate the surface regions that mostly contribute to the respiratory motion 

extracted along the different directions.  
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 Figure 3.25 shows the multi-dimensional breathing signal extracted from the dynamic 

thoraco-abdominal surfaces of the selected patient using the implemented deformable surface 

registration algorithm. The signals depicted in the lower panels of the figure represent the mean 

surface motion in the three spatial directions, obtained by averaging the SI, ML and AP coordinates 

of the corresponding surface points generated by the algorithm. The contribution of each surface 

point to the respiratory signals in the different anatomical directions is represented in the upper 

panels of the figure. This contribution is computed by projecting in the principal component space 

the surface point motion along the different directions. Figure 3.25 demonstrated that surface 

motion in the AP direction may result in the apparent displacement along the other two directions. 

In fact, the PCA analysis incorrectly suggests that the contribution of surface points to the SI 

breathing motion is mainly focused in the abdominal region, whereas ground-truth motion occurs in 

the AP direction. As previously explained, the orientation of the structured-light projector with 

respect to the patient results in the sliding of the incident pattern when the surface moves in the AP 

direction. 

 

 

Figure 3.25. The lower panels depict the mean breathing motion of the patient’s thoraco-abdominal surface along SI, 

ML and AP directions, computed by averaging the 3D coordinates of the registered surface points. The upper panels 

show the spatial representation of the multi-dimensional surface motion in the principal component space, depicting for 

each surface point the first principal component score obtained by applying PCA analysis to the point trajectories in the 

three directions. Surface points with high scores (blue colour) strongly contribute to the breathing motion in that 

specific direction. 
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 The estimated motion of the thoracic and abdominal surface regions was also compared to 

the respiratory signal provided by the GateCT system. As described in Section 1.4.2.2, this signal is 

computed as the mean AP trajectory of the surface points included in a circular region of interest 

selected by the user. Figure 3.26 shows the comparison of the respiratory signal acquired with the 

GateCT system and the AP motion estimated with deformable registration for three surface points 

selected in the thoracic and abdominal regions. The signal of the central abdominal point correctly 

follows the GateCT signal, which was obtained by choosing the surface patch on the central part of 

the abdomen. The difference between the GateCT signal and the trajectories of the thoracic and 

lateral abdominal points shows the potential variability of the external surface motion. While the 

GateCT system provides the respiratory information on a limited surface patch, the proposed 

method yields the 3D motion of any points on the thoraco-abdominal surface. This approach allows 

to capture the patient-specific respiratory patterns of the thorax and abdomen, which generally 

feature different amplitude and phase shifts. 

   

 

Figure 3.26. Comparison between the acquired GateCT signal and the estimated AP motion of three surface points 

selected on the thorax and on the central and lateral areas of the abdomen.  

 

3.5    Surrogate breathing signal  

 As described in Section 2.3.2, we investigated and compared different approaches for 

summarizing the breathing trajectories of all surface points of the thoraco-abdominal region into a 

single respiratory surrogate signal, used for tumour tracking application. The tested techniques 

include principal component analysis (Section 2.3.2.1), k-means clustering (Section 2.3.2.2) and 

self-organizing map (Section 2.3.2.3). A specific dataset of 5 healthy subjects was used for the 

experimental testing of the different synthesis approaches. The selection of the optimal technique 

for the extraction of the breathing surrogate signal from the external surface displacement was 
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based on the comparison of the obtained signals with a reference variable that can reliably describe 

the intra-fraction target motion due to breathing. The diaphragm motion was selected as reference 

variable, since it was proved to have an accurate and reproducible correlation with lung tumour 

motion [Cerviño 2009a].  

 The analyzed dataset included 5 male subjects, undergoing the simultaneous acquisition of 

the external surface displacement and of the diaphragm motion during free-breathing and supine 

posture conditions. The surface motion was acquired by means of a marker-based optical tracking 

system. 42 passive reflective markers with 6 mm diameter were placed on the anterior portion of the 

thorax and abdomen of the test subjects, according to the spatial configuration adopted in the opto-

electronic plethysmography (OEP), as depicted in Figure 3.27. OEP method is based on the non-

invasive measurement of the displacement of a finite number of surface points by means of opto-

electronic systems to assess the absolute chest wall volumes and their variations in the rib cage and 

abdomen, as described in Section 1.4.2 [Cala 1996, Aliverti 2001]. The grid configuration of the 

passive markers employed in the present application consists of 7 horizontal rows arranged 

circumferentially between the level of the clavicles and the anterior-superior iliac spine. Along the 

horizontal rows, the markers were arranged in 5 vertical columns, with an additional bilateral 

column in the midaxillary line (Figure 3.27). The 3D trajectories of the passive markers placed on 

the subject's skin were reconstructed with the ELITE opto-electronic localizer (BTS Engineering, 

Milan, Italy). The system is composed by two infrared TV cameras, which operates at an 

acquisition frame rate of 50 Hz, synchronized with coaxial infrared flashing light-emitting diodes. 

A dedicated parallel processor performs real-time pattern recognition to compute with high 

accuracy the three-dimensional coordinates of the surface markers, as previously explained in 

Section 1.4.2.1.     

 

  

Figure 3.27. Schematic representation of the experimental setting for the synchronized acquisition of the external 

surface motion based on passive markers placed on the subject's thorax and abdomen, and of the internal diaphragm 

motion by using a markerized echo probe [Aliverti 2003].  
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 For the 5 subjects of the considered dataset, the displacement of the passive markers placed 

on the thoraco-abdominal surface was acquired simultaneously with the non-invasive ultrasound 

imaging of the diaphragm motion [Aliverti 2003]. The ultrasonography of the diaphragm was 

performed with the Aloka Echo Camera, equipped with a linear ultrasound probe of 128 mm size 

and operating at a frequency of 3.5 MHz. As shown in Figure 3.27, the echo probe was aligned 

approximately axially to the subjects and placed between the two passive markers defining the 

right-lateral abdominal rib cage. During the experiments, the ultrasound probe was fixed to the 

subject's skin by adhesive tape and manually kept in a stable position. Three additional reflective 

markers were placed on the echo probe and tracked with the TV cameras of the opto-electronic 

localizer, to measure the probe's 3D position and orientation. The ultrasonographic images were 

synchronized with the opto-electronic system by generating a trigger signal. The spatial resolution 

of the echographic images was 320240 pixels, while the acquisition frame rate was 10 Hz. A 

representative example of an echographic image obtained for a test subject is depicted in Figure 

3.28. The cephalic margin of the zone of apposition was manually identified in the acquired 

ultrasound images for all the test subjects. As the intrapulmonary air greatly attenuates the 

transmission of ultrasound waves, the resulting abrupt discontinuity in the image at the level at 

which the diaphragm reflects from the chest wall and the lung intervenes was used to identify the 

zone of apposition (Figure 3.28). The two-dimensional coordinates of the selected cephalic 

extremity were mapped into the 3D space by using the information on the spatial localization of the 

echo probe derived from the opto-electronic system. The obtained 3D coordinates were projected to 

compute the superior-inferior displacement of the margin of the zone of apposition.  

 

 

Figure 3.28. Exemplificative echographic image obtained from the right-lateral abdominal rib cage of a test subject. 

The red star identifies the tracked diaphragmatic point, represented by the cephalic margin of the zone of apposition. 
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 3.5.1    Spatial variability of surface motion  

 From 114 to 211 ultrasound images of the diaphragm were recorded for each test subject, 

corresponding to on average 17 seconds of synchronized diaphragm and surface motion acquisition. 

The resulting number of free-breathing cycles analyzed per subject was 5. The trajectories of 

surface markers reconstructed by the optical system were down-sampled at the same frequency of 

the echographic acquisition (10 Hz). For each surface control point of the subject's thoraco-

abdominal surface, a mono-dimensional distance signal is derived by computing the time-series of 

the distance from the lowest position assumed by the single points. As introduced in Section 2.3.2, 

the spatial variability of respiratory surface motion was investigated by using k-means clustering 

techniques. K-means algorithm was applied to the distance signals of all markers, to group surface 

control points according to their breathing motion pattern. The similarity metric used for k-means 

clustering was the Euclidean distance from the randomly initialized cluster centroids. The spatial 

distribution of the obtained surface clusters was analyzed for different number of clusters. For each 

test subject, the number of clusters k given in input to the k-means algorithm varied between 2 and 

6. Two different cluster validity indices, represented by the Dunn and Silhouette index, were 

computed to determine the optimal number of clusters for surface markers, namely the parameter k 

that leads to clusters that best fit the given dataset [Ansari 2011].  

 Dunn validity index [Dunn 1974] attempts to identify those cluster sets that are compact and 

well separated, combining cluster diameters and dissimilarity between clusters to estimate the most 

reliable cluster number. The Dunn index is defined by the ratio between the minimal intra-cluster 

distance to the maximal inter-cluster distance. For any number of clusters, where ci represent the i-

cluster of such partition, the Dunn index D can be calculated with the following formula: 
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same cluster, namely the cluster diameter. The optimal number of clusters is the one that maximizes 

the Dunn index.  

 The Silhouette validity index [Rousseeuw 1987] is based on the value of the silhouette width 
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where ai is the average dissimilarity of the i
th

 element to all other elements in the same cluster, 

usually estimated using a distance metric, and bi is the minimum average dissimilarity of the i
th

 

element to all elements in other clusters. Equation (3.5) results in 11  iS . A value of Si close to 

1 indicates that the cluster element is assigned to the most appropriate cluster. If Si is close to zero, 

it means that the cluster element is equidistant from more than one clusters, so it can be correctly 

assign to all of those clusters. If Si is close to –1, the cluster element is misclassified. The best 

clustering corresponds to the largest overall average silhouette width for the entire dataset, namely 

the Silhouette index given by the average Si for all cluster elements. Therefore, the number of 

clusters with the maximum Silhouette index is taken as the optimal cluster number. 

 Figure 3.29 depicts the values of the Dunn and Silhouette validity indices computed on the 

k-means clustering results of all test subjects for a number of clusters ranging from 2 to 6. The 

resulting optimal cluster number, corresponding to the highest value of the two indices, was two, 

indicating that the external surface can be mainly partitioned in two distinct regions with different 

breathing motion patterns. As shown in Figure 3.30a, the two clusters are mainly localized in the 

thoracic and abdominal compartments, usually featuring respiratory motion with different 

amplitude and phase shift [Aliverti 2001]. These results are confirmed also by the principal 

components analysis applied to the marker distance signals. For all the analyzed subjects, the 

median value of the data variance explained by the first two principal components (PC) was 70% 

(Figure 3.31). The PC scores obtained for each surface point were used to evaluate the surface 

regions that mostly contribute to the respiratory motion signal associated to the first two principal 

components. As depicted in figure 3.30b, the first PC was mainly localized on the abdominal 

region, showing the greater motion amplitude, whereas the second PC was predominant in the 

thoracic area.  

 

 

Figure 3.29. Dunn and Silhouette validity indices (median value ± inter-quartile range), computed on the clustering 

results of all test subjects for a number of clusters ranging from 2 to 6. 
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Figure 3.30. Spatial variability results of surface motion extracted from a prolonged optical acquisition of a test subject. 

Panel a shows the spatial distribution of the first two clusters of surface markers obtained with the k-means algorithm 

(upper panel) and the breathing motion signals associated to each centroid of the two clusters (lower panel). Panel b 

depicts the spatial distribution of the first two principal components (upper panel) and the breathing motion signals 

associated to each PC (lower panel). 

 

 

Figure 3.31. Percentage of input data variance explained by the first 7 principal components. Results are expressed as 

median values of the PC variance computed for each test subject. The cumulative distribution of the explained data 

variance is also represented. 

 

 3.5.2    Comparison with diaphragm motion 

 The three different methods for the synthesis of the breathing information coming from all 

surface control points were applied to the marker's distance signals, in order to retrieve a robust and 
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reliable respiratory surrogate from the external surface motion. As introduced in Section 2.3.2, for 

the PCA approach the overall breathing surrogate was obtained by combining the signals associated 

to the first two principal components as a function of their explained variance. For k-means and 

SOM techniques, we averaged the signals associated to the first two clusters and to the first two 

neurons. The breathing surrogate signals obtained with the three different methods of synthesis 

were compared to the reference variable, represented by the SI diaphragm motion obtained from the 

synchronized ultrasound imaging. Possible phase shifts between the compared signals were 

compensated by translating the surface-based signals by known temporal delays and finding the 

maximum correlation with the diaphragm signal. The breathing signals associated to diaphragm and 

surface motion obtained with the three different methods of synthesis for a test subject, after signal 

smoothing and amplitude normalization between 0 and 1, are depicted in Figure 3.32.  

  

 

Figure 3.32. Comparison between diaphragm motion and surface-based breathing surrogate signals obtained with PCA, 

k-means and SOM techniques for subject S3. 

 

 The metrics employed for diaphragm and surface motion comparison are represented by the 

linear correlation coefficient and by the root-mean-square error (RMSE) between the normalized 

signals. The resulting Pearson coefficients and RMSE values obtained for the 5 test subjects are 

reported in Table 3.13. According to both metrics, the respiratory surrogate signals summarized 

with the k-means clustering method proved to better reproduce the diaphragmatic reference 

variable, obtaining a median value of the Pearson correlation coefficient of 0.93 and a root-mean-

square error of 0.11. PCA and SOM techniques showed lower correlation, with a median Pearson 

coefficient of 0.90 and 0.91, and higher RMSE median values, equal to 0.15 and 0.20, respectively. 

Since diaphragm displacement represents a robust and reliable surrogate for lung tumour motion 

[Cerviño 2009a], k-means clustering was selected as the optimal algorithm for the synthesis of the 

surrogate breathing signal from the external optical surface acquisitions for tumour tracking 

applications. 
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Table 3.13. Pearson correlation coefficients and root-mean-square errors between the reference diaphragm motion and 

the normalized surrogate breathing signals obtained with the three different methods of synthesis. 

Subject 
Correlation coefficient Root-mean-square error 

PCA K-means SOM PCA K-means SOM 

S1 0.47 0.88 0.46 0.26 0.18 0.25 

S2 0.95 0.93 0.93 0.08 0.10 0.10 

S3 0.90 0.95 0.93 0.15 0.11 0.20 

S4 0.87 0.90 0.91 0.19 0.15 0.14 

S5 0.94 0.96 0.58 0.12 0.08 0.26 

 

3.6    Surface-based tumour tracking 

 In this section, we report the results of the experimental evaluation of the proposed tumour 

tracking technique on the 7 lung cancer patients included in the database. As previously described, 

the testing is based on the comparison between the real tumour trajectory identified on cone-beam 

CT projection images and the target motion estimated from the external surface displacement using 

a patient-specific 4D CT breathing model. For each patient, the surrogate breathing signal was 

extracted from the acquired optical surfaces using the k-means clustering approach described in the 

previous section. The instantaneous values of the amplitude and phase parameters of the 4D CT 

motion model were retrieved from the computed respiratory surrogate, as described in Section 

2.3.3. These parameters were used to estimate the 3D tumour trajectory during the whole surface 

scan from the tumour positions in the different breathing phases derived from the 4D CT planning 

images and updated according to the on-line information coming from the in-room CBCT imaging 

(see Sections 2.2.1 and 2.2.2). The illustrative results obtained for patient P5 related to the surface-

based breathing surrogate, to the updated tumour positions in the 4D CT phases and to the 3D target 

trajectory estimated during the surface scan are depicted in Figure 2.18, Figure 2.19 and Figure 

2.20, respectively.   

 Table 3.14 reports for each patient the comparison between the amplitude of tumour motion 

during planning and treatment phases. The planning target amplitudes were estimated as the 

difference between the maximum and minimum tumour coordinates along each spatial direction 

derived from the updated 4D CT breathing motion model. The treatment target amplitudes were 

instead computed as the difference between the 95
th

 and 5
th

 percentiles of the tumour coordinates 

estimated along each spatial direction with the proposed tumour tracking approach. The median 

value of the amplitude-based scaling factor parameter retrieved from the comparison of the external 
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surface motion during planning and treatment phases is also listed in Table 3.14. For all patients 

except one, the amplitude of surface motion recorded during treatment was higher than during 

planning phase, thus producing an amplification of the tumour motion amplitude. For 3 out of 7 

patients, the amplitude scaling factor was superior than 0.5. For 5 patients, tumour motion 

amplitudes proved to be higher in the anterior-posterior directions, while 2 patients showed larger 

motion amplitudes along the SI direction. For 3 patients, not-negligible amplitudes were recorded 

also for the medio-lateral direction, with values greater than 3 mm both during planning and 

treatment phases. 

 

Table 3.14. Comparison between tumour motion amplitudes along each spatial direction computed during planning and 

treatment phases. The median value of the amplitude scaling factor estimated from the surface-based surrogate 

breathing signal is also listed in the table. 

Patient 

Tumour amplitude during 

planning (mm) 

Tumour amplitude during 

treatment (mm) Amplitude 

scaling 

factor 
ML 

direction 

AP 

direction 

SI 

direction 

ML 

direction 

AP  

direction 

SI   

direction 

P1 4.0 4.7 2.5 6.1 7.1 3.9 0.63 

P2 0.4 5.2 3.0 0.8 9.1 5.8 0.53 

P3 0.8 1.2 1.3 0.6 0.8 1.1 -0.06 

P4 0.8 2.0 3.6 0.8 1.9 3.7 0.05 

P5 3.1 7.3 6.7 3.6 8.0 7.7 0.09 

P6 3.8 4.9 1.4 5.1 5.7 1.7 0.23 

P7 0.3 3.6 2.6 0.3 5.9 4.5 0.54 

 

 For each cone-beam CT scan included in the database, the position of lung tumours on 

CBCT images was identified through the developed contrast enhancement method, described in 

Section 2.5.1. A manual refinement of the automatically detected target coordinates was performed, 

resulting in more regular tumour trajectories and in an increased target identification rates. As 

explained in Section 3.1.3, only the first 35 seconds of synchronized cone-beam and optical scans 

could be acquired without surface occlusion due to the rotation of the CBCT system. Table 3.15 

lists for each patient of the database the number of CBCT projections acquired in the non-occluded 

period in which lung tumour could be correctly identified. These images were used for the 

evaluation of the accuracy of the developed tumour tracking technique. The mean number of cone-

beam CT projections available per patient for the experimental method testing was 153, ranging 
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between 189 and 105 projections. The corresponding period of time analyzed per patient varied 

from 35 to 19 seconds, with a mean value of 28 seconds (Table 3.15). The number of breathing 

cycles that could be identified depends not only on the analyzed period of time, but also on the 

respiratory frequency specific for each patient. As reported in Table 3.15, the number of breathing 

cycles identified per patient ranged from a maximum of 9 to a minimum of 5. The duration of the 

respiratory cycle averaged over all cycles acquired for each patient in the non-occluded period is 

also listed in the Table. The measured mean cycle length ranged between 1.8 and 4.6 seconds per 

cycle.  

  

Table 3.15. Number of cone-beam CT images per patient used for the assessment of the accuracy of the proposed 

tumour tracking method, along with the corresponding evaluated period of time and number of breathing cycles. The 

mean duration of the respiratory cycle is also listed for each patient.  

Patient 
Evaluated CBCT 

projections 

Evaluated period 

of time (sec) 

Evaluated 

breathing cycles 

Mean cycle 

length (sec) 

P1 166 30.3 9 2.8 

P2 175 31.9 5 4.6 

P3 105 19.2 9 1.8 

P4 189 34.5 8 3.3 

P5 144 26.3 5 3.5 

P6 159 29.0 6 3.3 

P7 135 24.6 5 3.2 

 

 3.6.1    Real and estimated target trajectories 

 For each of the 7 lung cancer patients of the acquired database, the 3D trajectory of the 

tumour centroid estimated from the surface-based breathing surrogate signal with the a priori 4D 

CT motion model was projected on the 2D plane of the cone-beam CT panel detector at the 

corresponding rotational angles specified in the acquisition file of each CBCT scan. Centroid 

projection was performed trough ray-tracing algorithms using the Plastimatch program also applied 

for the generation of the digital reconstructed radiographs. The 2D tumour trajectories projected 

along the horizontal and vertical dimensions of CBCT images obtained with the proposed tumour 

tracking method for patient P5 are depicted in Figure 3.33.  
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Figure 3.33. Comparison between real tumour trajectories identified in CBCT projections along the horizontal and 

vertical image dimensions and target trajectories estimated from surface motion for patient P5. The estimated tumour 

coordinates interpolated at the timestamps corresponding to the cone-beam CT images in which lung tumour could be 

identified are represented as blues stars. 

 

 Since the acquisition frame rates of CBCT and optical surface scans did not correspond, the 

2D tumour trajectories estimated from surface motion were linearly interpolated at the acquisition 

timestamps corresponding to the cone-beam CT images in which lung tumour could be identified 

(Figure 3.33). The flexmap values at different projection angles stored in the acquisition file of the 

CBCT scan were added to the estimated horizontal and vertical tumour trajectories to compensate 

for the flexions and torsions of the cone-beam CT system. The tumour tracking accuracy was 

assessed by computing the difference between the real target trajectories identified in the CBCT 

images and the projected target trajectories estimated from the patient's surface displacement with 

the developed approach. The median values of the differences obtained for the tumour trajectories 

along the two image dimensions are listed in Table 3.16. The tracking errors obtained for all 

patients of the database ranged between 0.7 and 2.2 mm for the horizontal image direction and 

between 1.2 and 2.4 mm for the vertical image directions. The median values of the inter-quartile 

ranges of the tracking errors estimated for each patient proved to be 1.4 and 1.3 mm for the 

horizontal and vertical tumour trajectories, respectively. 
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Table 3.16. Tracking errors between the real and estimated tumour trajectories along the horizontal and vertical image 

directions. Results are expressed as median value [25
th

  75
th
 percentile].  

Patient 
Horizontal tracking 

error (mm) 

Vertical tracking 

error (mm) 

P1 2.2 [1.2  3.8] 1.6 [0.9  2.7] 

P2 1.7 [0.8  3.0] 1.2 [0.6  1.9] 

P3 1.2 [0.6  1.7] 2.0 [1.6  2.4] 

P4 0.7 [0.4  1.0] 1.4 [0.9  1.9] 

P5 1.7 [0.8  3.1] 2.4 [1.4  3.5] 

P6 1.3 [0.8  1.9] 1.5 [0.7  2.0] 

P7 1.5 [0.9  2.3] 1.4 [0.6  2.2] 

 

 For each lung cancer patient, we investigated the contribution of different breathing 

parameters to the estimated tracking errors. The complete respiratory cycles were extracted from the 

real and estimated 2D tumour trajectories according to the positions of the inspiratory peaks 

separately identified for the horizontal and vertical image directions. The following breathing 

parameters were derived for each extracted respiratory cycle: 

 baseline, computed as the mean value of the tumour trajectory for each cycle; 

 amplitude, obtained from the difference between the maximum and minimum value of the 

tumour coordinates in each cycle; 

 period, estimated as the temporal difference between the acquisition timestamps associated 

to the two inspiratory peaks at the beginning and at the end of each cycle; 

 phase, represented by the mean acquisition timestamp of the two inspiratory peaks of each 

cycle. 

Table 3.17 reports for each patient the differences between the respiratory parameters computed for 

the real and estimated tumour trajectories. The median values of the absolute errors of the breathing 

parameters computed for both horizontal and vertical image directions are listed in the table. The 

phase errors were also expressed as percentage of the real period of the corresponding cycle 

identified from CBCT images. The median errors of the respiratory baseline and amplitude ranged 

between 0.72.2 mm and 0.92.6 mm, respectively. The differences in the estimation of cycle 

period varied from about 70 to 200 msec. The phase shifts measured for each patient were lower 

than 7% of the cycle length, corresponding to a maximum of 170 msec of delay. 
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Table 3.17. Median differences between the respiratory parameters computed for each breathing cycle identified on the 

real and estimated tumour trajectories. 

Patient 
Baseline 

error (mm) 

Amplitude 

error (mm) 

Period  

error (msec) 

Phase     

error (msec) 

Percentage 

phase error 

(%) 

P1 1.6 1.3 130 110 2.9 

P2 0.7 2.6 129 70 1.0 

P3 1.7 1.0 71 111 6.7 

P4 0.8 1.7 170 136 3.3 

P5 2.2 0.9 203 170 3.7 

P6 1.2 1.0 74 107 2.7 

P7 1.2 1.2 198 156 5.7 

 

 The influence of the different respiratory parameters on the tumour tracking accuracy was 

assessed by computing the correlation between the estimated errors for the breathing parameters 

and for the tumour trajectories. For each breathing cycle, the tracking error was computed as the 

median difference between the real and estimated tumour trajectories associated to that cycle. The 

Pearson linear correlation coefficient was calculated between the cycle tracking errors and the 

corresponding differences in breathing parameter. The correlation was considered statistically 

significant if the Pearson coefficient was higher than 0.8 with a p-value lower than 0.1. For 5 out of 

7 patients, the tracking errors proved to be significantly correlated with the baseline differences 

measured for tumour trajectories along at least one of the two image directions. Only for one 

patient, a significant correlation was found between the tracking errors and the amplitude 

differences, whereas no correlation was measured for the phase and period parameters. The ability 

of the developed tumour tracking method to robustly estimate target motion from external surface 

displacement was demonstrated even in presence of breathing irregularities. Figure 3.34 depicts the 

2D tumour trajectories identified for patient P2, showing strong irregularities both in the respiratory 

amplitude and frequency. Despite the evident inter-cycle variations of the two main breathing 

parameters, the tumour trajectories estimated with the proposed method correctly followed the real 

target motion identified in CBCT projections, with median tracking errors of 1.7 and 1.2 mm for the 

horizontal and vertical directions, respectively. 
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Figure 3.34. Comparison between real and estimated tumour trajectories obtained for patient P2, showing strong 

breathing irregularities both for the amplitude and phase parameters. 
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4.    CONCLUSIONS 

___________________________________________ 

 

 The thesis project was focused on the development and experimental testing of a tumour 

tracking method that allows the continuous monitoring of target position during radiotherapy 

treatments for the real-time compensation of intra-fraction organ motion. The proposed approach 

can be generally applied to all tumours located in the abdominal and thoracic districts, such as lung, 

liver or pancreas cancers, affected by non-negligible physiological movements mainly due to 

respiration. Tumour motion monitoring and mitigation strategies are required to compensate for 

motion-induced geometric errors, which may seriously affect the effectiveness of radiotherapy 

treatments causing unacceptable under-dosage of the target volume and over-dosage of the 

surrounding healthy tissues [Bert 2011]. The developed tumour tracking method is based on the 

integration of different imaging modalities, such as time-resolved planning imaging, in-room X-ray 

verification systems and 3D optical tracking devices. According to the proposed approach, target 

motion during treatment is indirectly estimated from an external respiratory surrogate, represented 

by the displacement of the patient thoraco-abdominal surface acquired by means of non-invasive 

optical surface imaging systems. The correlation between external surface motion and internal 

tumour position is achieved through patient-specific breathing motion models, derived directly from 

4D CT planning images and updated at each treatment fraction according to the anatomical 

variations obtained from in-room imaging and optical surface devices. The development and 

experimental testing of the presented tumour tracking method involve different procedural steps and 

complementary algorithms, that are briefly discussed in the following paragraphs. 

 

4.1    Synchronized internal/external motion data collection 

 A clinical database was specifically collected for the experimental evaluation of the 

accuracy of the proposed tumour tracking method, including the synchronized information on 

internal and external breathing motion acquired from 7 lung cancer patients. Data collected for each 

patient come from different imaging modalities, namely time-resolved planning CT, in-room cone-
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beam CT and 3D dynamic optical surfaces captured with the non-invasive VisionRT surface 

imaging system. The acquired database provides in particular the synchronized breathing motion 

data related to the patient's external surface and internal tumour during cone-beam CT scans. An 

image-based method was developed to synchronize the acquisitions of CBCT projections and 

VisionRT surfaces. The proposed synchronization approach was assessed on a moving phantom, 

obtaining temporal accuracy lower than 20 msec. The collected database represents a valuable and 

useful tool to analyze the correlation and variability of breathing motion coming from multi-modal 

imaging systems, as well as for the experimental testing and comparison of different tumour 

tracking approaches based on external-internal correlation models. A limitation of the current 

database is represented by the type of included lung cancer patients. In fact, only patients with 

lesions located in the upper lung lobes, featuring a reduced breathing motion amplitude, could be 

selected for the present application. The future validation of the developed tumour tracking 

technique will necessarily require the experimental evaluation on lung cancer patients with lesions 

located also in the lower lobes, thus assessing the method accuracy in estimating tumour motion 

with greater amplitudes. 

 

4.2    Contrast-enhanced tumour identification on X-ray images 

 We developed and investigated a contrast enhancement method for markerless lung tumour 

tracking in X-ray projections, exploiting the anatomical information derived from planning CT 

volumes. The proposed approach tested on cone-beam CT images proved to be effective in 

enhancing the visibility of lung lesions and reducing the overlapping effect of the surrounding 

anatomical structures. Results confirmed significant improvements in tumour tracking performance 

and spatial localization accuracy for a wide range of projection angles with respect to state-of-the-

art markerless tracking techniques [Hugo 2010, Lewis 2010]. The developed algorithm allows about 

a 150% increase of the CBCT image contrast between lung tumours and the overlying anatomy. 

The rate of target identification in the contrast-enhanced cone-beam projections on the 7 analyzed 

patients ranged from 57% to 69%, with a 24% of increase with respect to state-of-the-art tracking 

techniques. The median 2D tracking accuracy proved to be lower than 2 mm both along the 

horizontal and vertical image directions, whereas median errors in 3D tumour localization were 

inferior than 0.5 mm in all spatial directions. While 2D tracking results are comparable to the 

outcomes of conventional state-of-the art techniques, the 3D tracking accuracy assessment 

accounted for a significant improvement obtained by applying the proposed contrast-enhanced 

method. 
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 Despite the need of additional clinical data to validate the efficacy of contrast enhancement 

for improved tumour detection in X-ray images, the reported results are put forward as an evidence 

that the application of the proposed technique can indeed increase the accuracy of markerless lung 

tumour tracking and promote its applicability to a wider range of projection angles and clinical 

cases. The method lends itself as a clinically practicable and valuable tool for enhancing the 

potentiality of X-ray based image guidance in lung cancer patients. Potential benefits are related to 

the improvement of daily patient positioning and to the robust estimation of tumour trajectories in 

support of strategies for intra-fraction motion compensation. As a final remark, the described 

method features a low computational cost compatible with real-time performance.  

 

4.3    4D CT breathing motion model 

 We created a patient-specific respiratory model that describes the tumour motion during the 

breathing cycle using the information contained in 4D CT imaging data acquired during treatment 

planning. The proposed respiratory models are estimated through deformable registration 

algorithms applied to the 4D CT phase images. Differently from other motion models reported in 

literature [Boldea 2008], we did not use a single phase as reference image for the computation of 

the deformation vector fields. We instead considered the mid-position CT image, which represents a 

time-weighted average of all 4D CT phase volumes. The MidP image was proved to contain less 

noise and artefacts with respect to the single 4D CT phases [Wolthaus 2008], thus increasing the 

accuracy and robustness of the estimated breathing motion models. We also developed a novel 

adaptation strategy to update the 4D CT model parameters at each treatment fraction, according to 

the patient's daily situation. In particular, we use the information on tumour localization derived 

from the reconstructed CBCT volume to adapt the target breathing baseline, while the amplitude 

and phase parameters were retrieved from the real-time surface displacement compared to surface 

motion during the planning 4D CT scan. The updated breathing parameters were used to derive the 

daily tumour positions for each respiratory phase using the vector fields of the 4D CT model. The 

proposed approach can be useful not only for tumour tracking applications based on external-

internal correlation models, but also in the context of adaptive radiation therapy [Webb 2008]. The 

daily information on tumour motion obtained from the updated breathing model can potentially be 

included in the radiotherapy treatment plan, modifying for example the safety margins to cover the 

whole extent of target motion specific for each treatment fraction. 
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4.4    Deformable surface registration algorithm 

 A deformable surface registration algorithm was developed to extract spatial congruence 

from markerless optical surface acquisitions, thus yielding the three-dimensional trajectories of 

corresponding surface points. The implemented method was adapted from the non-rigid extension 

of the iterative closest point algorithm with locally affine regularization proposed by Amberg et al 

[Amberg 2007], adding further optimization criteria to increase the efficiency and robustness, such 

as the Cholesky factorization and the exclusion of bad correspondences specifically designed for the 

proposed application. We investigated in a group of healthy volunteers the performance of the 

developed mesh registration algorithm in tracking the multi-dimensional breathing motion from 

markerless optical imaging of the thoraco-abdominal surface. The residual distance between the 

deformed source and the target meshes proved to be lower than 1.20 mm for all subjects, while the 

median errors in the localization of surface control points was 1.61 mm. The registration accuracy 

was maximal in the abdominal region, where breathing motion mostly occurs, with average errors 

of 1.09 mm. The performance of the developed deformable approach was significantly superior to 

rigid registration procedures, both in terms of surface overlap and marker localization errors. The 

obtained results support the need for non-rigid registration when dealing with thoraco-abdominal 

surfaces, in order to adequately account for the deformation due to breathing motion. 

 The application of the developed mesh registration algorithm to real patient data 

demonstrated the clinical feasibility of recovering multi-dimensional breathing motion for different 

thoraco-abdominal regions from markerless optical surface acquisitions. The proposed method is 

put forward to significantly improve respiratory motion management in radiation therapy. The state-

of-the-art clinical systems that currently account for breathing movement are limited to a restricted 

area of the body surface. Such approaches do not accurately depict the complexity of human 

respiration processes, involving the combined composition of thoracic and abdominal surface 

motion. A multi-dimensional respiratory signal accounting for different breathing patterns, as 

provided by the developed deformable registration approach, could potentially improve current 

solutions for motion-compensated treatment planning and delivery. The enhanced surface-based 

breathing surrogate derived from the implemented deformable mesh registration algorithm is put 

forward to provide potential benefits for motion artefact reduction during image acquisition and for 

real-time tumour tracking based on external-internal correlation models.  
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4.6    Surface-based surrogate signal 

 We implemented and compared different techniques to synthesize the breathing information 

coming from all points of the thoraco-abdominal surface in a single representative surrogate signal. 

The selected method is based on the k-means clustering technique, computing the breathing 

surrogate from the combination of the motion signals associated to the abdominal and thoracic 

surface clusters. The obtained signals proved to be highly correlated with the internal diaphragm 

motion, which represents a good anatomical surrogate for the prediction of lung tumour position, 

especially for lesions located in the lower lung lobes [Cerviño 2009a]. The developed method of 

synthesis can be employed to estimate a robust and reliable external surrogate from surface motion 

information, both for marker-based systems and for surface scanning techniques. The proposed 

approach can provide substantial improvements in all applications based on surface-based breathing 

surrogates, such as 4D CT reconstruction and motion compensation techniques, including breath-

hold, respiratory gating and tumour tracking based on external-internal correlation. In the present 

application, the 3D trajectories of surface points are condensed in a mono-dimensional signal, 

computing the time-series of the distance from the lowest position assumed by the single points. As 

a future development, we can consider each direction of surface motion independently. The 

computation of a surface-based breathing surrogate for each spatial dimension can potentially 

provide a more accurate and robust prediction of tumour motion, allowing for anisotropic scaling 

factors of the amplitude parameter along the different directions of motion. 

 

4.7    Tumour tracking algorithm 

 The accuracy of the developed tumour tracking technique was experimentally assessed on a 

clinical database acquired on 7 lung cancer patients. The tumour trajectories estimated with the 

proposed approach from the external surface displacement combined with the a priori patient-

specific breathing motion model were compared to the real target trajectories directly identified 

from the synchronized cone-beam CT projections. Three representative examples of tumour 

tracking results are depicted in Figure 4.1. Differences between the real and estimated tumour 

trajectories ranged between 0.7 and 2.4 mm, with median values of 1.5 mm both along the 

horizontal and vertical image dimensions. The obtained tracking errors can be partly associated to 

the inaccuracies in localizing the lung lesions on CBCT projections. The developed contrast 

enhancement method for the automatic detection of tumour position on X-ray images featured 

median 2D tracking errors of 1.9 mm. A manual refinement of the target trajectories was introduced 
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to increase the tracking accuracy, which is however still limited by the intrinsic spatial resolution of 

CBCT projections, equal to 0.8 mm/pixel. The reported results provide an objective estimate of the 

accuracy and geometrical uncertainties in target localization achievable with the novel proposed 

approach. The obtained tumour tracking errors proved to be lower than the safety margins normally 

applied for the treatment of moving lesions with conventional X-ray radiotherapy. Although the 

validation of the proposed approach requires the experimental testing on a wider patient population, 

the presented work is put forward as a feasibility study for the clinical applicability of the developed 

surface-based tumour tracking method. The investigated technique is expected to represent an 

effective tool for the non-invasive compensation of intra-fraction organ motion, potentially allowing 

the reduction of safety margins and the increase of local tumour control whit the contemporary 

sparing of the surrounding normal tissues.  

 

 

Figure 4.1. Comparison between real tumour trajectories identified in CBCT projections and target trajectories 

estimated from surface motion for three lung cancer patients of the database (P1, P4 and P7).  

 

 The developed approach proved to be effective in estimating target motion from the external 

surface displacement even in presence of irregularities in the breathing parameters, as depicted in 

Figure 3.34. The influence of the different respiratory parameters on the tumour tracking accuracy 
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was assessed for each patient of the database. Median errors of the breathing baseline and amplitude 

computed for each respiratory cycle did not exceed 2.2 and 2.6 mm, respectively. The measured 

phase shifts proved to be lower than 7% of the cycle length, corresponding to a maximum of 170 

msec of delay. The obtained errors in the identification of the phase of the breathing cycles can be 

partly related to the temporal resolution of cone-beam CT scans, requiring about 180 msec for the 

acquisition of a single CBCT image. In most patients of the database, the tracking errors in the 

identification of tumour trajectories proved to be correlated with the errors in the estimation of the 

breathing baseline. For 5 out of 7 patients, a Pearson correlation coefficient higher than 0.8 was 

found between the tracking errors and the baseline differences. In the presently developed tumour 

tracking technique, only the instantaneous values of the breathing amplitude and phase parameters 

of the 4D CT motion model are extracted from the surface-based surrogate signal. The systematic 

variations of the respiratory baseline are compensated inter-fractionally, through the adaptation to 

the daily information on tumour localization derived from in-room CBCT imaging. A future 

improvement of the proposed tumour tracking method can be represented by the introduction of 

intra-fraction updates also of the respiratory baseline parameter, by retrieving its instantaneous 

values from the surrogate breathing signal obtained from the external surface displacement. 

 Major concerns are associated to the computational cost of the developed tumour tracking 

algorithm, which does not currently provide real-time performance. The most time-consuming 

processes are represented by the 3D surface reconstruction and by the deformable mesh registration. 

In the present application, we achieved surface frame rates up to 9 Hz since the 3D reconstruction is 

performed off-line. The time required for the real-time reconstruction of the entire body surface 

with the employed VisionRT optical system is about 1 second. The acquisition frame rate can be 

increased by reducing the size of the captured surface, loosing however important information on 

the spatial variability of the breathing motion patterns of thorax and abdomen. A possible solution 

can consist in the combination of marker-based methods and surface scanning techniques, thus 

taking advantage of both the fast real-time 3D localization of passive control points and of the 

redundancy of surface motion information accounting for inter-session deformations [Spadea 2006]. 

The possibility to perform real-time deformable mesh registration is also challenging, since in the 

current algorithm the mean time required for a single outer iteration is about 9 seconds, depending 

on the number of vertices in the registered meshes. Multi-resolution strategies, GPU-based 

techniques or a more local regularization approach could potentially provide significant speed gains 

in the registration algorithm. Future works will be mainly focused on the computational 

optimization of the developed tumour tracking method, in order to achieve the real-time 
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performance required for the continuous monitoring of breathing motion during radiotherapy 

treatments.  

 Compared to the current techniques clinically applied for dynamic intra-fraction tumour 

localization, the proposed tumour tracking method features three important advantages. The first 

advantage is the complete non invasivity of the approach, which allows the continuous real-time 

monitoring of tumour motion during the whole treatment duration. 3D target position is in fact 

indirectly inferred from the external surface displacement, which is acquired by means of non-

invasive optical tracking systems. This differs from direct tumour tracking techniques based on 

radiographic imaging, which can be applied only for a limited temporal window during treatment 

due to the invasiveness of the employed ionizing radiations [Cui 2008, Lin 2009, Rottmann 2010]. 

The second advantage of the proposed method is the use of markerless 3D surface imaging systems 

based on stereo-photogrammetric techniques, which allows to dynamically acquire the entire 

thoraco-abdominal surface of the patient. The external surrogate signal is therefore derived from an 

extended surface portion including both thorax and abdomen, thus capturing the complex and 

detailed information on the different breathing patterns involved in external surface motion. The 

surface-based tumour tracking methods currently employed in the clinical practice, such as the 

CyberKnife or the Vero systems, are instead based on the acquisition of a discrete number of 

fiducial markers placed on the patient's skin, thus providing an under-sampled description of 

surface motion [Kilby 2010, Depuydt 2011]. The third advantage of the developed technique 

consists in the use of patient-specific adaptive correlation models, that take into account motion 

information derived from different time-resolved imaging modalities. Target breathing motion 

models are in fact derived from planning 4D CT images and updated at each treatment fraction 

according to patient's daily data obtained from in-room X-ray imaging systems. The current tumour 

tracking methods are instead based on correlation models that are not specific for each patient, such 

as linear/quadratic correlation, artificial neural networks and fuzzy logic [Torshabi 2010]. These 

approaches do not take into account motion information derived from time-resolved planning and 

treatment imaging, that can instead provide a valuable description of the target motion pattern 

during the breathing cycle.  

 The tumour tracking method developed in the present thesis project is mainly designed for a 

potential application to real-time targeting techniques in the advanced active beam scanning 

systems. Tumour targeting, consisting in the continuous tracking of the tumour’s changing position 

with the dynamic adjustment of the radiation beam, represents the most efficient and precise motion 

compensation technique in free-breathing conditions [Murphy 2004]. Particle therapy with active 

beam scanning offers excellent conditions for real-time motion compensation through tumour 



151 

 

targeting techniques, and extensive researches and technical developments have already been 

performed to guarantee the precise control of the particle beam's direction [Schardt 2010]. 

However, the clinical implementation of targeted treatments with scanned particles is currently 

limited by the inadequate accuracy and robustness of the actual target localization techniques 

[Rietzel 2010, Riboldi 2012]. The methodological improvements introduced in the developed 

tumour tracking approach, related to the use of patient-specific adaptive breathing motion models 

and to the redundancy of surface data, are expected to increase the precision in the estimation of 

intra-fraction tumour motion. The enhanced performance are put forward to guarantee the adequate 

tumour tracking accuracy and robustness required for the application of targeting techniques in 

active particle beam scanning. The expected results consist in the potential extension to extra-

cranial moving tumours of the therapeutic benefits of active beam scanning, presently applied only 

for the treatment of lesions affected by negligible intra-fraction organ motion [Bert 2011]. This will 

allow to exploit the excellent geometrical selectivity and dose conformity of scanned beams to 

improve local target control and minimize healthy tissue complications also for tumours in the 

abdominal and thoracic districts affected by respiratory motion. 
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