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General introduction and outline  9 

1.1 Bladder cancer  
 
In the Western world, bladder cancer is the fourth most common malignancy in men 
and the eighth most common in women [1]. In Europe and the United States, bladder 
cancer accounts for 5% to 10% of all malignancies in men [1]. The risk of developing 
bladder cancer at <75 years of age is 2% to 4% for men and 0.5% to 1% for women 
[1]. Bladder cancer is generally considered as a disease of older age, reaching a peak 
incidence in the sixth and seventh decades. In the Netherlands, bladder cancer is the 
6th most common cancer type [2].  In the year 2002, the yearly incidence rate in the 
Netherlands was 21.7 per 100, 000 for males and 4.9 per 100, 000 for females and the 
incidence rate is rising at about 1.2 % per year [2]. Tobacco smoking is the main 
known contributor to bladder cancer. Cigarette smokers are two to six times more 
prone to develop bladder cancer than those who do not smoke [3]. In general, 
smoking is associated with men more than women, which can partially explain the 
higher incidence rate in men. Employees who work with dyes, metals, paints, leathers, 
textiles and organic chemicals have also been suggested to be at higher risk [1;4].  
 
The bladder is a hollow muscular and elastic organ, located on the pelvic floor, which 
collects urine excreted by the kidneys before disposal through urination. In males, the 
base of the bladder lies between the rectum and the pubic symphysis. It is superior to 
the prostate and anterior to the rectum (figure 1.1 (a)). In females, the bladder is 
located inferior to the uterus and anterior to the vagina, thus leading to a lower 
maximum capacity than in males (figure 1.1 (b)). 
 
 

 
 (a)                                                                         (b) 

Figure 1.1: Sagittal view of male bladder (a) and female bladder (b). 
 
 

1.2 Bladder cancer staging and treatment options 
 
The gold standard for diagnosing and determining the stage of bladder cancer is 
biopsy obtained during cystoscopy [5]. Accurate staging is critical for patient 
management. The TNM (tumor, lymph node and metastasis) staging system defines 
T1 tumors as invading lamina propria but not muscularis propria; T2 tumors as 
invading muscularis propria; T3 tumors as invading perivesical tissue and T4 tumors 
as invading other organ structures (prostate, uterus, vagina, pelvic wall or abdominal 
wall) [1].  
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Radical cystectomy with pelvic lymph node dissection represents the gold standard 
for the treatment of muscle invasive bladder cancer (T2-T4). The survival rates after 
cystectomy are relatively high, with 5-year survival rates approaching 75% for T2 
tumors and 55% for T3 tumors [6]. However, cystectomy itself may adversely affect 
quality of life. During and after procedure, patients may also be at risk for general 
operative complications. 
 
Radiotherapy plays an important role in the management of muscle invasive bladder 
cancer. Radiotherapy was initially used in about 50% patients who were not 
candidates for cystectomy. In this selected population, the 5 year local control rate 
ranges between 35% and 45%, with a 5 year overall survival rate of 25%-40%. Those 
results were considered to be inferior to the results for cystectomy [7].  
 
Due to the shortcomings of both cystectomy and radiotherapy when used alone, a 
multi-modality conservative treatment consisting of a complete transurethral resection 
(TUR) of the bladder tumor followed by radiotherapy with or without concomitant 
chemotherapy has been introduced [8-12]. The modern bladder preservation series 
have reported an improvement in survival. The 5-year overall survival rates range 
from 40% - 67% [11-13], similar to those achieved in modern cystectomy series. At 
10 years, overall survival rate is 31% - 36% [11;12]. Such a bladder preservation 
approach provides patients the opportunity to maintain an intact and functional 
bladder with a survival rate similar to that of radical cystectomy [7].  
 
 

1.3 Challenges of external beam radiotherapy  
 
The general challenge in radiotherapy is to deliver a high radiation dose to the target 
while sparing the surrounding organs at risk (OARs). For radiotherapy of bladder 
cancer, the first major challenge is definition of the radiation target for treatment 
planning. The introduction of modern radiotherapy techniques, e.g. conformal 
radiotherapy (CRT), intensity modulated radiotherapy (IMRT) and volumetric 
modulated arc therapy (VMAT), allows for the planning and delivery of highly 
conformal dose distributions. These techniques enable an increase in the dose to target 
volumes and a better sparing of normal tissue in general and for the bladder [14] as 
well. However, large anatomical changes in bladder patients significantly limit the 
benefits of these techniques.  Hence, the second major challenge of bladder cancer 
radiotherapy is the localization of the target during treatment. 
 
Taking the inaccuracy of tumor delineation and large mobility of bladder wall into 
consideration, very large safety margins (2-3 cm) have to be used, leading to 
irradiation of large parts of the healthy bladder, rectum and small bowel [15]. Because 
of the toxicity to OARs, the total dose generally applied for bladder tumors (55-60 Gy) 
is relatively low compared to other solid tumors, which might be a cause for the 
relatively poor outcome in bladder cancer radiotherapy. There are several 
retrospective analyses suggesting a significant improvement in outcome with dose 
escalation [13;16].  Pos et al. found that based on biological modeling an increment in 
dose of 10 Gy would yield an expected 1.44-1.47 increase in the odds for local control 
[16]. Majewski et al. reported a 5-year local control rate of 47% after 60 Gy while it 
was more than 60% for a dose of 70 Gy [13]. These data suggest that bladder cancer 
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is a good candidate for dose escalation. However, dose escalation is only feasible if 
precision of the entire radiotherapy chain (target definition and dose delivery) is 
improved [17;18]. 
 
 

1.3.1  Target definition for treatment planning 
 
Traditionally, the planning target volume (PTV) in bladder RT consists of the whole 
bladder including the tumor with a 2-3 cm safety margin [19-23]. A possible strategy 
to reduce treatment volumes in radiotherapy for bladder cancer is partial bladder 
radiation [24-26], in which only the bladder tumor is irradiated, leaving the healthy 
part of bladder out of high dose region (figure 1.2). Several groups, including the 
Academic Medical Center (AMC) and the Netherlands Cancer Institute (NKI), have 
reported on whole bladder radiation in combination with partial boost [8;11;27-30], in 
which 40-50.4 Gy was given to whole bladder including bladder tumor and a 
concomitant boost of 10-22.5 Gy was given to the bladder tumor only.  
 
Due to the risk of micrometastases to locoregional lymph nodes, some institutes 
include these nodes in the clinical treatment volume (CTV) [27;28;30]. The question 
of the necessity of lymph node irradiation has, however, never been the issue of any 
randomized trial. 
 
For target definition, delineating the bladder volume on planning CT is quite accurate. 
Meijer et al. quantified the geometric uncertainties of bladder delineation and found 
that generally very small delineation variations (1.5-3 mm, 1SD) occurred between 
observers, although larger discrepancies were observed in discerning the bladder from 
the base of the prostate [31]. Delineating the bladder tumor on planning CT is much 
more difficult. Several causes can lead to inadequacies of bladder tumor delineation 
on CT. There is often no visible tumor on CT due to previous TUR or neoadjuvant 
chemotherapy. Alternatively, TUR causes bladder wall edema that is hard to 
distinguish from tumor. Hence, inaccurate delineation of bladder tumors is one of the 
major problems for partial bladder radiation and whole bladder radiation with a partial 
boost.  
 
Cystoscopy is at present still the most accurate diagnostic tool for determining tumor 
location and size. Demarcation of the tumor borders during cystoscopy in such a way 
that can be seen on a CT scan will help to delineate the tumor more accurately on the 
planning CT scan. Hulshof et al. inserted surgical clips through a rigid cystoscope at 
the borders of the visible tumor [32]. This procedure was feasible and of clear help in 
tumor delineation on the planning CT. Drawbacks of this technique are that the 
procedure is not patient-friendly, that some areas in the bladder are not easily reached 
and in particular that markers are often lost during radiotherapy.  
 
Pos et al. developed a liquid marker injection technique [33]. Lipiodol, an iodized oil 
and well known contrast medium, was injected around the visible tumor during a 
cystoscopy session using a flexible scope (figure 1.3 (a)). The lipiodol injections, 
apart from mild pain during injection and mild transient haematuria, were not 
associated with additional toxicity. Compared with the clip mark, lipiodol can be 
easily injected to all locations of the bladder including the bladder neck. After 
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injection, the lipiodol markers are clearly visible on CT and cone beam CT (CBCT) 
scans, and they can be used both for tumor demarcation and image guidance (figure 
1.3 (b) and (c)).  
 
 

 
Figure 1.2: Three different radiation techniques for bladder cancer: partial bladder radiation (a), 
whole bladder radiation (b) and whole bladder with partial boost radiation (c).  The red region in 
(a) is the radiation target surrounding the bladder tumor. The yellow region in (b) is the 
radiation target surrounding the whole bladder including tumor. The yellow region in (c) is the 
elective field that will be given a low dose and the red region in (c) is the boost field which will be 
given a high dose.  
 
 

 
Figure 1.3: (a) A lipiodol marker is injected into the bladder wall around the tumor under 
guidance of cystoscopy. After this injection, the lipiodol markers show as high intensity spots in 
both CT (b) and CBCT (c). These markers can be used for tumor demarcation (b) and image 
guidance (c).  
 
 

 
Figure 1.4: Fused FDG-PET image with CT image in coronal view. There is a hot spot at the 
upper bladder wall, which indicates the possible location of the primary tumor.  

(a)                                                     (b)                                                     (c) 

       (a)                                               (b)                                                  (c) 
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Positron emission tomography (PET)/CT is another modality for detecting and staging 
tumor, as well as monitoring response to treatment [34]. 18F-Fluoro-2-deoxy-D-
glucose (FDG) -PET/CT provides additional information on the metabolic activity, 
i.e., glucose utilization of the tumor. Bruin et al. have developed a catheter assisted 
FDG-PET/CT protocol for bladder cancer and to image the primary bladder tumor 
(figure 1.4) [35]. Such additional functional information from PET/CT can potentially 
improve the accuracy of bladder tumor definition. 
 
 

1.3.2 Target localization during treatment 

1.3.2.1 Organ motion 
 
Due to changes in volume of the bladder and adjacent organs, such as rectum and 
small bowel, movement of the bladder wall between different treatment days could be 
as much as 3 cm [15;18]. Contrary to the elastic bladder wall, the bladder tumor is 
known to be stiffer and deform much less than the healthy part of bladder wall [36]. 
Besides the day-to-day bladder wall movement, significant intra-fractional bladder 
wall displacement may occur during bladder radiotherapy delivery [37;38]. As a 
consequence, a wide range of PTV safety margins is used in practice [18;39]. 
 
For partial bladder radiation, the radiation target is only the bladder tumor. Lotz el al. 
reported that the deformation of bladder tumor was small compared to its translational 
motion [36].  Hence, with lipiodol markers placed on the border of the bladder tumor, 
image guidance devices have a great potential to compensate for this geometrical 
uncertainty and considerably reduce the safety margin.  
 
In contrast to the mostly rigid tumor motion, the motion of the whole bladder is 
mainly associated with bladder volume changes. When the bladder volume changes, 
the cranial and anterior parts of the bladder have larger movements than other parts of 
the bladder [40]. In general, the bladder shows anisotropic deformation as bladder 
volume changes and the volume of radiation target therefore changes between 
different treatment days and during treatment. Hence, the rigid position correction 
strategy in image guided radiotherapy cannot compensate for bladder deformation, 
which is a problem for whole bladder irradiation.  
 
For whole bladder irradiation combined with partial boost, both the relatively rigid 
motion of the boost target (tumor) and the deformable motion in the elective target 
(healthy part of bladder wall) have to be taken into account. A simple table shift 
cannot fully compensate for such differential motion. 
 

1.3.2.2 Image-guided radiotherapy 
 
Image-guided radiotherapy (IGRT) is the use of frequent imaging during a course of 
radiotherapy to improve the precision and accuracy of the delivery of treatment. In 
IGRT, the linear accelerator is equipped with an imaging system so that the patient 
can be imaged immediately before or even during radiation delivery. Using 
specialized computer software, these images are then compared to the planning CT 
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taken during simulation. Any necessary adjustments of patient position are then made 
to compensate for the observed geometrical error. IGRT provides opportunities to 
reduce the safety margins around the target that are used to guarantee that the moving 
target receives the prescribed dose. Margin reduction will reduce the dose given to the 
surrounding structures, which will in turn provide opportunities to escalate dosage and 
increase the probability of disease control [41;42]. 
 
In the past decades, treatment setup has been performed by using skin markers, lasers, 
immobilization devices, and portal imaging with online or offline setup protocols. It 
has been shown that treatment setup variation is relatively small in institutes using 
consistent portal imaging based verification [43].  
 
For the two most commonly used image guidance modalities, portal imaging and 
CBCT, the contrast of some tumor types from the surrounding soft tissue is not strong 
enough for image guidance. Therefore, fiducial markers are often implanted into the 
tumor volume to be used as surrogate. Although marker placement is invasive for the 
patient and markers might migrate, fiducial markers can be accurately localized 
before and even during each treatment fraction, which allows for daily inter- and 
intra- fraction position correction. Marker-based position verification has become 
standard clinical practice for prostate cancer patients at many institutes [44-46]. 
Fiducial markers are also increasingly used for IGRT of cervix cancer [47], bladder 
cancer [48], liver cancer [49], lung cancer [50] and breast cancer [51]. As mentioned 
in section 1.3.1, Hulshof et al. and Pos et al. investigated clips and lipiodol injection 
as fiducial markers for both tumor delineation and image guidance of bladder cancer 
[32;33]. Pos et al. reported that lipiodol markers are clearly visible on CBCT scans 
and the registration accuracy of lipiodol markers is within 2 mm (SD), which is 
considerably smaller than the original tumor motion [33].  
 
Traditionally, IGRT is used to detect tumor motion and compensate it by moving the 
patient using translations and sometimes (limited) rotations. However, for whole 
bladder radiation, the major variation is volume related deformation, which can hardly 
be compensated by translations and/or rotations. For such large deformations, 
adaptation of the plan is required.  
 
 

1.3.2.3 Adaptive radiotherapy 
 
Adaptive radiation therapy (ART) is a strategy first introduced by Yan el al. [52]. 
ART involves a closed-loop radiation treatment process, where the treatment plan is 
modified based on measurements during treatment.  
 
ART is becoming an important option for bladder cancer treatment as it enables 
correction of deformation errors in the target by changing the plan during the course 
of treatment [53]. Up until now ART is mostly an offline strategy, where after 
reviewing serial repeat scans, a new plan is made to correct for systematic errors 
[26;54]. However, offline ART does not account for random daily bladder filling 
variations [15]. The ideal approach to deal with bladder deformation is online ART 
with daily plan re-optimization. Such online ART is, however, not yet feasible in 
clinical application due to technical limitations.  



General introduction and outline  15 

Recently, various groups have developed multiple plan image-guided adaptive 
radiotherapy (IGART) strategies for bladder cancer [22;23;29;55-58]. In such 
treatment strategies, multiple plans with different bladder volumes are created based 
on images acquired before or early during treatment. Subsequently, the plan for 
smallest PTV safely covering the bladder as seen on CBCT is selected online as the 
plan of the day. All reported that multiple plan IGART improved coverage of the 
bladder CTV and/or reduced the amount of small bowel irradiated compared to the 
offline adaptive plan or traditional planning [22;23;29;54-57].  
 
 

1.4 Thesis objectives and outline  
 
To meet the two challenges mentioned above, a Dutch Cancer Foundation (KWF) 
project was started in collaboration between the NKI and the AMC. My thesis work, 
performed at the AMC, focuses on the question of “target localization during 
treatment”.  CBCT devices integrated with the linear accelerators and lipiodol 
markers provide the enabling technology to perform IGRT and IGART for bladder 
cancer.  
 
Therefore, the main objectives of this thesis are to study the feasibility of lipiodol 
markers to enable image-guidance of focal radiotherapy of bladder cancer (Chapter 2) 
and to develop tools for computer-aided generation of multiple-plans and plan 
selection for IGART of the whole bladder (Chapters 3-6).  
 
Injecting multiple lipiodol markers around the tumor allows for accurate measurement 
of residual tumor deformation apart from rigid motion. However, limited quantitative 
information on tumor deformation and marker diffusion and washout is available. 
Therefore, in Chapter 2, we investigate the behavior of lipiodol markers during IGRT 
of bladder cancer, including an evaluation of the quality of marker matching and a 
quantification of residual registration errors indicated by differential movements of 
the markers.  
 
In Chapter 3, a biomechanical bladder model is constructed to simulate the 
interaction between bladder and surrounding pelvic organs. This biomechanical model 
uses a finite element (FE) method to model patient-specific pelvic geometries and 
simulate deformation of pelvic organs solely caused by bladder volume changes. Such 
FE bladder model can predict bladder deformation using just one image data set and 
bladder volume changes as input, and can potentially be used for generating multiple 
plans with different bladder volumes for IGART of the whole bladder.  
 
In practice, two factors prevent the clinical application of the FE bladder model 
described in Chapter 3. First, quite a bit of manual labor is required to construct the 
FE model with high mesh quality. Second, the computation time needed to construct 
the FE model and solve the FE equations is very long. In Chapter 4, we address these 
issues by constructing a low-resolution voxel-based model directly from a binary 
segmentation images. The voxel-based mesh generation allows for automatic and 
robust creation of FE bladder model without user intervention and speeds up 
simulation time.  
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Multiple-plan IGART of bladder cancer is difficult to implement because complex 
decision making for plan selection must take place immediately before treatment. In 
Chapter 5, to achieve a robust computer aided plan selection, we develop an 
automatic bladder segmentation method on CBCT using patient-specific bladder 
shape information.  
 
A drawback of the segmentation method presented in Chapter 5 is that it can only 
work after collecting and segmenting several CBCT images for each patient. This step 
still imposes quite some workload and is not applicable from the first treatment day. 
In Chapter 6, we further improve the segmentation method by using a population 
based bladder model combined with spherical harmonic expansion and manual 
correction. This method requires only one planning CT as input and saves the 
delineation and model building required for each patient in Chapter 5.  
 
The thesis ends with a general discussion and a summary. 
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Abstract  
 
Purpose: To investigate the stability of a novel type of markers used in partial bladder 
tumor irradiation and tumor deformation as indicated by the markers.  
 
Materials and Methods: In fifteen patients with solitary bladder cancer, lipiodol was 
injected in the bladder wall during flexible cystoscopy to identify the tumor. A 
planning CT scan was made, followed by daily cone beam CT (CBCT) scans during 
treatment. To study the accuracy of using these markers for image guidance, 
uncertainties U1 and U2 were calculated, which were defined as the difference 
between sub-mask registration (covering single marker) and the average of all sub-
mask registrations and the difference between the sub-mask registration and the 
general mask registration (including all markers), respectively. Finally, to study tumor 
deformation, the relative movement of each marker pair was correlated with the 
relative bladder volume (RBV).  
 
Results: The analyzed patients had 2.3 marker injections on average. The lipiodol 
spot size was 0.72 ± 1.1 cm3. The intensity of spots in both CT and CBCT was 
significantly higher than the surrounding bladder tissue. The uncertainties U1 and U2 
were comparable, and the uncertainties in L-R direction (0.14-0.19 cm) were smaller 
than those in C-C and A-P directions (0.19-0.32 cm). The relative marker movement 
of within-zone marker pairs was much smaller (and has less dependence on the RBV) 
than across-zones marker pairs. 
 
Conclusions: Lipiodol markers are a feasible method to track bladder tumor by using 
online CBCT. Tumor deformation is observed, especially for tumors that cross the 
defined bladder zones.  
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2.1 Introduction  
 
Radiotherapy (RT) is an important treatment option for patients with muscle-invasive 
urinary bladder cancer. It is currently used as the definitive treatment for patients 
unsuitable for radical cystectomy and has potential to play a key role in an organ-
sparing combined-modality treatment [59].  
 
The standard technique for radical radiotherapy of bladder is the treatment of the 
whole bladder [39]. However the dose is limited due to the presence of organs at risk. 
Therefore, up to 95% of tumors recur at their original site within the bladder [60] and 
failure to control the primary tumor is present in 90% of patients who die of bladder 
cancer [61]. Recently, several institutions [8;25-28;62] have reported the treatments of 
partial bladder irradiation with increased dose or boosting the primary tumor site after 
conventional treatment to the whole bladder. Cowan et al. [25] showed that reduction 
in treatment volume allowed delivery of an increased radiation dose without increased 
toxicity and online verification techniques could potentially improve local control and 
survival for bladder cancer.   
  
Due to changes in volume of bladder and adjacent organs, uncertainty in the location 
of bladder tumors can be as much as 3 cm [18]. This uncertainty represents a major 
challenge in the irradiation of bladder cancer. Because of the large geometric 
uncertainty, a large safety margin around the clinical target volume (CTV) is required, 
leading to significant irradiation of healthy parts of the bladder, rectum and small 
bowel [15]. A previous study [36] found that bladder tumor tissue can be regarded as 
being rigid, and that variations in tumor shape are small compared to variations in 
tumor position. This means that for partial bladder treatment online adaptation or 
image-guided radiotherapy (IGRT) is feasible and has great potential to reduce the 
geometric uncertainty. 
 
With the recent availability of in-room volumetric CT imaging techniques, it is 
possible to acquire 3D CT scans just before treatment with the patient in treatment 
position to implement IGRT. However, soft-tissue contrast in cone beam CT (CBCT) 
is relatively poor and the bladder tumor is barely visible. Therefore, fiducial markers 
have been used as surrogate of the tumor position. Finding feasible markers is a 
challenging task for IGRT of bladder cancer. Hulshof et al. [32] inserted surgical clips 
through a rigid scope at the borders of the visible tumor. This procedure was feasible 
and of clear help in tumor delineation on the planning CT scan. Mangar et al. [48] 
developed a technique of gold seed implantation through a rigid cystoscope. The gold 
seeds are visible on both CT and electronic portal images (EPI). Both these techniques 
have some limitations. First there is a problem of marker loss during treatment, 
making online positional verification unreliable. In addition, the use of the rigid 
cystoscope is considered less patient-friendly, and some sites in the bladder are not 
easily reached.  
 
Therefore, the Netherlands Cancer Institute (NKI) started a pilot study of injection of 
liquid markers (lipiodol) through a flexible scope. Lipiodol, an iodized oil, is a well-
known contrast medium, presently used mainly for lymphography and 
hysterosalpingography [63]. Local lipiodol demarcation has been used for localization 
of tumors in the lung and prostate visualized on fluoroscopy, CT and ultrasonography 
[64;65]. Lipiodol can be used for tumor demarcation and image guidance on the 



20   Chapter 2 

treatment machine as was shown by Remeijer et al. [66]. After the demonstrated 
feasibility, this technique was also implemented at the Academic Medical Center 
(AMC), University of Amsterdam. 
 
Lipiodol exhibits advantages over clips and gold seeds, in particular in terms of access 
to all bladder tumor sites (because a flexible scope can be used) and no problems of 
marker loss. However, limited quantitative information on lipiodol marker diffusion 
and washout is available. Furthermore, geometrical uncertainties caused by tumor 
deformation could hamper tumor tracking. Therefore, the aim of this study is to 
investigate the behavior of lipiodol markers during IGRT of bladder cancer, including 
evaluation of the quality of marker matching and quantifying the differential marker 
movement caused by tumor deformation.  
 
 

2.2 Materials and Methods  

2.2.1 Patients and CT data 
 
Fifteen patients with unifocal T2-T3N0M0 solitary bladder cancer, 11 males and 4 
females, with a mean age of 78 years (range 66 to 88) were included. Nine patients 
were treated at the NKI and six were treated at the AMC between March 2006 and 
January 2008. Patients were selected according to the following criteria: lipiodol 
markers were successfully injected, more than one lipiodol spot is available and every 
lipiodol spot in planning CT and CBCT is visually distinguishable from others. All 
patients had a transurethral resection of their bladder tumors before radiotherapy, and 
no patients received neoadjuvant, concurrent or adjuvant chemotherapy.  
 
In each patient, the lipiodol marker was injected around the visible tumor during a 
cystoscopy session using a flexible scope. Through the working channel of the 
flexible scope, a flexible needle with needle length of 6.0 mm is inserted. Under 
cystoscopic guidance, the needle is inserted at the site of the macroscopical tumor 
border and a small deposit of approximate 0.25 ml lipiodol is placed under the 
urothelium in the bladder wall. The injections were done at the locations around the 
primary tumor. This procedure was simple and no complication was encountered. One 
day after the lipiodol injection, a planning CT was made, with a resolution of 1*1*3 
mm3. All patients were treated with an adaptive radiotherapy (ART) technique [26] in 
combination with partial bladder irradiation. For the 6 patients in AMC, oral contrast 
was administrated before the acquisition of the planning CT, to visualize the small 
bowel. The patients in AMC were treated with an elective field to the small pelvic 
combined with a concomitant partial bladder boost. In the other 9 patients in NKI, no 
oral contrast was taken and treatment was given with partial bladder irradiation only. 
All the patients were instructed to void, drink 250 ml of water and refrain from 
urination at least one and half hour before simulation and treatment. No specific 
instructions were given regarding the bowel habit. In the first week of the 4-6 weeks 
treatment period, daily CBCT scans were acquired and in the later three weeks CBCT 
was performed once a week. The CBCT scans were acquired using an Elekta Synergy 
system prior to treatment with the following acquisition parameters: 120 kV, 32 mA 
and 40 ms and a two minute scan time (medium field of view, about 600 projection 
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images). Fourteen patients were treated in supine position, and one in prone position 
on a belly board.   
 
The GTV and bladder contours were delineated on the planning CT by an experienced 
radiation oncologist. Consecutively, the bladder contours were delineated on the 
CBCT scans. This bladder contour was only used to determine the effect of bladder 
volume changes on tumor deformation.  
 
 

 
Figure 2.1: Illustration of daily CBCT image (green) acquired during the course of treatment 
superimposed on the reference CT data (purple).  Two lipiodol spots are visible around the GTV 
(red contour).  Furthermore this image shows the alignment clipbox for bone registration 
(rectangle), the general mask based on the shape of GTV (red) and sub-masks covering 
individual lipiodol spots (yellow).  
 
 

 
Figure 2.2: Flow chart of the registration procedure. 
 
 

2.2.2 Lipiodol marker registration procedure  
 
Lipiodol marker registration was performed using in-house developed image guidance 
software.  On each planning CT, we defined a general mask that covers all lipiodol 
spots together, and multiple sub-masks for each individual lipiodol spot (figure 2.1). 
Using these masks, general mask registration (including all lipiodol markers) and sub-
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mask registrations (covering individual marker) were next performed starting from the 
pelvic bone registration (figure 2.2). The residual cost function after registration is a 
measure of deformation of the lipiodol spots. A more detailed description of the 
procedure is given in the Appendix. 
 

2.2.3 Statistical analysis 
 
Some basic features of lipiodol markers were recorded, such as their number, and 
their volume and intensity. The success rate of automatic registration was also 
determined.  
 
The cost function value of sub-mask registration was used to estimate the deformation 
of the lipiodol spots. For each patient, the observed cost function values were 
correlated with elapsed time, to detect possible washout of diffusion of the lipiodol.    
 
Because mask definition is somewhat subjective, and failed automatic registrations 
incur manually registration steps, the reproducibility of the entire procedure was 
tested. Another observer (an experienced radiographer) repeated the registration 
procedure (including mask definition) on 5 randomly selected patients. Differences 
between the results of two observers were computed.  
 
To quantify relative marker movement caused by tumor/bladder deformation, 
uncertainties U1 and U2 were defined as follows: 
U1 = sub-mask registration - average of all sub-mask registration  
U2 = sub-mask registration - general mask registration.  
 
The systematic and random components of U1 and U2 were calculated. The 
systematic error was defined as the standard deviation (SD) of the average individual 
errors in same sub-mask group. The random error was defined as root mean square 
(RMS) of the SD of the day-to-day errors [67]. 
 
Relative movement of each marker pair was next correlated with the relative bladder 
volume (RBV) which is the CBCT bladder volume divided by the planning CT 
bladder volume, to investigate tumor deformation. For the 15 patients, we studied 
relative movement of 24 marker pairs, including 12 pairs from 12 patients with two 
lipiodol markers, 6 pairs from 2 patients with three lipiodol markers and 6 pairs from 
1 patient with four lipiodol markers. 
 
Besides bladder volume variation, the tumor size, tumor position and special material 
properties of tumor could also influence the tumor deformation. All patients had 
solitary T2-3N0M0 tumors and had similar pre-treatment, so we assume that the 
material properties of the tumor are the same for all patients. According to different 
stiffness properties of surrounding organs, the bladder was separated into 3 zones, 
which are shown in figure 2.3. Zone1 is in contact with small bowel and uterus (for 
female), zone 2 is close to rectum and other pelvic structures and zone 3 is connected 
with prostate (for male) and close to pelvic bone.  Corresponding to bladder wall 
definition in standard bladder map, zone 1 is the dome and part of ventral wall, zone 2 
is the left-right lateral wall and dorsal wall and zone 3 is the bladder neck and part of 
ventral wall. Lotz et al. [36] showed that zone 1 was most mobile, zone 2 had 
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intermediate mobility and zone 3 had least motion with changing of bladder volume. 
The zone of every lipiodol spot was noted. Marker pairs were next separated into 6 
groups: group 1, 2 and 3: pair lies within zone 1, 2, 3; group 4 and 5: pair lies between 
zones 1-2 or 2-3; group 6: pair lies between zones 1-3. This categorization also 
implies different tumor sizes and shapes: small and round tumors are found in group 1, 
2 and 3 (within the same zone), intermediate tumor sizes and elongated shapes are 
found in groups 4 and 5 (across adjacent zones) and large tumor sizes for group 6 
(across non-adjacent zones). 
 
Correlation coefficients were calculated and linear regression analysis was performed 
between marker pair distance and bladder volumes for these 6 groups. Because having 
a fuller and emptier bladder compared with the planning CT has a similar effect on 
marker distance, the reciprocal of relative bladder volumes smaller than one was 
taken in the correlation calculation.  
 

 
 

Figure 2.3: Sagittal view of the three zones used to separate the location of lipiodol spots. Zone1 is 
the dome and partial ventral bladder wall in contact with small bowel and uterus (for female) , 
zone2 is the lateral and dorsal bladder walls close to rectum and other pelvic structures and 
zone3 is the bladder neck and partial ventral wall close to pelvic bone and in contact with 
prostate (for male).  
 
 
 

Zone 1 

Zone 2 

Zone 3 

2.3 Results 

2.3.1 Basic features of lipiodol markers 
 
There were 2.3 (2 to 4) lipiodol marker injections on average for patients enrolled in 
this study. The average of the lipiodol spots size in CT scans was 0.72 ± 1.1 cm3 (1 
SD). In both CT and CBCT, the lipiodol spots could easily be visually discerned. 
However, the intensity of lipiodol had a wide range: between 15% and 150% higher 
than the bladder wall. Thirty-four out of 37 (92%) lipiodol spots were still present on 
the last CBCT, 5 weeks after the injection. Two lipiodol markers washed out 
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gradually and disappeared in the second treatment week. One lipiodol marker was not 
visible due to image artifacts caused by femoral head prosthesis.   
 
The average cost function after successful sub-mask registration was 1.8 ± 0.9 mm. 
This value represents the average shape difference caused by segmentation 
differences, differences in image resolution, and marker diffusion. Note that this cost 
function is the average distance over all contour points and was therefore not direction 
specific [68]. To estimate diffusion, we performed linear regression of the cost 
function versus elapsed days. A statistically significant time trend of the residual cost 
function was found in 5 of the 37 lipiodol markers. For these 5 lipiodol markers, the 
average cost function increase was 0.65 mm after 4 weeks, indicating that lipiodol 
marker washout was limited. 
 
 

2.3.2 Reproducibility of registration procedure 
 
The mean and standard deviation of the difference between twice general mask 
registrations is 0.01 mm and 0.05 mm, respectively. The mean and standard deviation 
of the difference between twice average sub-mask registrations are 0.06 mm and 0.18 
mm. This implies that the general mask and sub-mask registration methods are highly 
reproducible.  
 
 

2.3.3 Uncertainties of marker based registration  
 
The systematic and random components of the marker based matching of 
uncertainties U1 and U2 are listed in table 2.1. The two different alignment methods 
gave very similar results. U2, the discrepancy between each sub-mask registration and 
general mask registration, was always slightly larger than U1, the discrepancy 
between each sub-mask registration relative to average sub-mask registration. The 
uncertainties in the left-right direction were smaller than in other directions. The 
highest uncertainty occurred in the cranial-caudal direction of U2, with Σ and σ both 
0.32 cm, i.e., the largest deformation occurs in that direction. 
 
 
 
Table 2.1: Systematic and random components of lipiodol marker based matching uncertainties 
U1 and U2 in three orthogonal directions. U1 and U2 are difference between sub-mask 
registration and average of all sub-mask registrations and difference between sub-mask 
registration and general mask registration, respectively. 

Uncertainty U1 U2 

Directions R-L (cm) C-C (cm) A-P (cm) R-L (cm) C-C (cm) A-P (cm) 
Σ 0.14 0.25 0.19 0.16 0.32 0.20 
σ 0.17 0.19 0.20 0.19 0.32 0.26 
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2.3.4 Relative movement of lipiodol markers as function of bladder 
volume 

 
Despite the application of a drinking protocol, there was a large variation in planning 
bladder volume for different patients, ranging from 108 cm3 to 445 cm3. The bladder 
volumes of all planning and follow up scans ranged from 72 cm3 to 632 cm3 (mean 
190 cm3). The RBV during treatment had a range of 0.35 - 2.33.   
 
The correlation between RBV and marker pair distance is illustrated in figure 2.4. The 
color of each symbol in figure 2.4 represents one marker pair group. Group 6 (with 
markers in zone 1 and 3) was not found in our patients. We observed that group 4 and 
group 5 were much more affected by RBV than group 1, group 2 and group 3. 
     
To quantify the relation between RBV and relative movement of marker pair, the 
reciprocal of RBV values smaller than 1 was taken and the 6 groups were combined 
to just two groups: within-zone and across-zone (figure 2.5). Both curves have a slope 
that differs from zero (p<0.001) and start around 3 mm distance for RBV=1. The 
slope of the within-zone group was 6 times smaller than the slope of the across-zone 
group. The latter slope was 1.21 cm for a doubling of the bladder volume, with a 
correlation coefficient R of 0.86. This difference could only partly be explained by 
differences in marker pair distance (see discussion). 
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Figure 2.4: Correlation between relative movement of marker pairs and RBV for the 5 groups. 
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Figure 2.5: Correlation between relative movement of marker pair and RBV for across-zones 
and within-zone groups.  
 
 

2.4 Discussion 
 
This study investigated the behavior of lipiodol markers during IGRT. These markers 
were well visible in CT and CBCT, and can be successfully registered by chamfer 
matching algorithm. Therefore, lipiodol markers offer a reliable method to track 
bladder tumors.  
 
Automatic registration of the markers is an essential component of IGRT. In this 
study, two methods were tested. The simplest method is to register all lipiodol spots 
together. This method is easy to implement and will work even if lipiodol spots are 
connected or lost, and has a high success rate. However, the disadvantage of this 
“general mask registration” is that larger lipiodol spots will dominate the registration. 
Thus, diffusion or deformation of a single large lipiodol spot could lead to a bias. The 
sub-mask registration procedure is more complex, and will not work if lipiodol spots 
are connected or lost. We therefore propose to implement both procedures and use the 
difference between general mask registration and sub-mask registration to detect 
tumor deformation.  
 
In this study, for the purpose of investigating tumor deformation, we selected 15 
patients with clear distinguished lipiodol spots to allow measuring relative markers 
movement. In the same period, another 17 bladder patients were also injected with 
lipiodol markers. In 16 out of these patients, the lipiodol markers were split or joined. 
This will not hamper general mask registration as IGRT technique. In one out of the 
17 patients, no contrast in the bladder wall was observed. Pooling this material we 
find that 47% patients are eligible for both the general mask and sub-mask registration 
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methods, 50% patients are only suitable for general mask registration and 3% patients 
are ineligible for IGRT. The single observed lipiodol injection failure is not yet 
understood. It may be related to specific infiltration properties of bladder wall or just 
due to a poor injection technique. We are still in learning curve, and methods for more 
automatic injection need to be developed.     
 
We analyzed the relative marker movement and found that it is strongly correlated 
with bladder volume variation. For patients with a small tumor, the deformation is 
small. For the patients with across-zone tumors deformation is more important. In this 
group, online ultrasound could be a feasible way to measure the relative bladder 
volume and predict the marker uncertainty [69]. A simple way to correct for 
systematic errors in tumor location and deformation is to repeat the planning CT when 
extreme bladder volumes are observed. According to the average bladder volume (190 
cm3) of all patients, 150-250 cm3 is recommended as the volume range of planning 
scan. 
 
In figure 2.5, the linear fits do not go through the origin even for an RBV of one there 
is still on average a 3 mm difference between the marker pair distances. This residual 
error is probably related to other causes of bladder deformation such as changes in 
rectum and small bowel volume. The largest relative movement of marker pairs is 
observed in the C-C and A-P directions, in accordance with Meijer et al. [31].  
 
Our observed tumor deformations contradict the study of Lotz et al. [36], who found 
limited tumor deformation. A possible explanation for this contradiction is that the 
markers may be injected away from the border of the tumor, which indeed occurred 
for one patient. However, we believe that the main reason for the difference is that our 
detection method is more sensitive.  
 
Lotz et al. [36] also found that bladder wall deformation depends on the location in 
the bladder: the largest deformation occurs in the cranial and anterior parts. These 
observed differences in (healthy) bladder wall deformations are not reflected in tumor 
deformations: group 1, 2 and 3 behave the same in figure 2.4. Only the tumors 
crossing different zones (group 4 and 5) bend when bladder filling changes. Since 
couch shifts cannot correct such tumor deformations, IGRT should be used with care 
for patients with across-zone tumors. 
  
The bladder wall was separated into 3 zones that border different anatomical 
structures and physically represents the deformation ability of bladder. Since the 
bladder shape differs largely among different patients, the bladder zone definition is 
somewhat arbitrary and can bring some uncertainty to tumor deformation prediction. 
The difference between across-zone and within-zone tumors could also reflect the 
influence of tumor size. 
  
The observed slopes of tumor deformation as function of RBV were compared with 
estimated deformation of the healthy bladder wall. The result is that within-zone 
tumors are about twice as rigid as the normal bladder wall, while the across-zones 
tumors show a similar deformation as the normal bladder wall. 
 
It is not simple to estimate the safety margin required when dealing with the observed 
deformations: classical margin recipes [67] assume that the target is a single rigid 
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object. Online re-planning and subsequent adaptation of the patient's position and/or 
the treatment plan is perhaps the ultimate solution to correct for all shifts and 
deformations.  However, continuous bladder filling during the IGRT procedure means 
that even in such a case margins cannot be zero. 
 
 

2.5 Conclusion 
 
Lipiodol markers are a feasible method to track bladder tumor position changes 
during treatment and have a large clinical potential to replace IGRT based on bony 
anatomy for partial bladder treatment. Even though lipiodol marker diffusion is 
negligible, significant tumor deformation was found, in particular for tumors with an 
elongated shape (across-zones). The deformation is strongly correlated with bladder 
filling. Even with online position correction, a generous margin is still necessary to 
account for these deformations, and a larger margin is needed for across-zones tumors 
than within-zone tumors.  
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2.6 Appendix: Lipiodol marker registration procedure  
 
For this study modifications were made to in-house developed image guidance 
software (XVI) that is similar to the Elekta Synergy system and has a shared code 
base. The proposed marker registration procedure consists of two parts: pre-
processing and registration. During pre-processing, the planning CT and associated 
contours are loaded into the XVI software. First, a box-shaped region of interest (ROI) 
for pelvic bone registration was defined. Second, the GTV was expanded by 5 mm to 
create a shaped ROI for registration of all markers at once (general mask). It was 
manually edited to ensure it included all lipiodol spots and excluded any contrast or 
bone. Finally, each lipiodol marker was delineated as a separate ROI (sub-mask). 
 
In the registration procedure, planning CT and CBCT were displayed in a 
purple/green overlay (figure 2.1). First, the pelvic bone was registered. Then, the 
general mask was projected onto the CBCT and edited to contain all lipiodol markers 
and exclude bone in CBCT. General mask registration and sub-mask registrations for 
each lipiodol spot were next performed starting from the bone registration (figure 2.2). 
All registrations were visually checked. In case of a visual mismatch, the selected 
ROI was manually aligned between the CT and the CBCT and automatic registration 
was restarted. If automatic registration was still not successful, the manual registration 
was taken as result.  

  
The chamfer matching algorithm [68] is used for bone, general mask and sub-mask 
registration. In this algorithm, first the selected feature (bone or lipiodol spots) is 
segmented using an intensity threshold that is 20% higher than the intensity of muscle. 
The segmented CBCT volume was next processed by a distance transform, and the 
segmented planning CT was converted to a set of contour points. The registration cost 
function, measuring the goodness of fit between the distance transform and the 
contour points, is the average pixel value in the distance transform map at the location 
of the contour points. Registration was performed by iteratively minimizing the cost 
function.  
 
Because small lipiodol spot shape changes can easily be interpreted as a rotation, 
general mask and sub-mask registrations were restricted to translations only, while 
pelvic bone matching included translations and rotations. 
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Abstract: 
 
Purpose: A biomechanical model was constructed to give insight into pelvic organ 
motion as a result of bladder filling changes.  
 
Methods: We used finite element (FE) modeling to simulate bladder wall deformation 
caused by urine inflow. For 10 volunteers, a series of MRI scans of the pelvic area 
was recorded at regular intervals of 10 min over 1 hour. For the series of scans, the 
bladder volume gradually increased while rectal volume was constant. The MR 
image with bladder volume closest to 250 ml was selected as reference in each 
volunteer. All pelvic structures were defined from the reference image including 
bladder wall, small bowel, prostate (male), uterus (female), rectum, pelvic bone and 
the rest of the body. These structures were translated to FE meshes. Using 
appropriate material properties for all organs, deformations of these organs as a 
response to changing bladder pressure were computed.  
 
Results: The computation results showed realistic anisotropic deformation of bladder 
wall: the bladder became more elongated in the cranial and anterior directions with 
increasing bladder volume. After fitting the volume of the computed bladder to the 
actual bladder volume on the test images, the computed bladder shape agreed well 
with the real bladder shape (overlap from 0.79 to 0.93). The average mean bladder 
wall prediction errors of all the volunteers were 0.31 cm average and 0.29 cm SD.  
 
Conclusions: In conclusion, a FE based mechanical bladder model shows promise 
for the prediction of the short term bladder shape change only using one pelvic scan 
and volume change of the bladder as input. The accuracy levels achieved with this 
method are likely mostly limited by inaccuracies in material properties and sliding 
tissue between organs, which has not been modeled. This model can potentially be 
used to improve image-guided radiotherapy for bladder cancer patients, i.e., by 
prediction short-term bladder deformation. 
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3.1 Introduction 
 
Modern radiotherapy techniques allow for planning and delivery of complex dose 
distributions, which enable an increase in the dose to target volumes and a better 
sparing of normal tissue. However, anatomical changes in patients limit the benefits 
of these techniques. For example, organ deformation between fractions of dose 
delivery [70] and motion during radiation dose delivery [71] can both potentially 
cause underdosage of the target volumes and overdosage of organs at risk.  
 
It is well-known that for radiotherapy of pelvic tumors, the bladder filling is a typical 
cause of inter- and intra-fractional movement. For instance, uncertainty in location of 
bladder tumors can be as much as 3 cm, because of changes in volume of bladder and 
adjacent organs, such as small bowel, sigmoid colon, rectum, uterus, prostate and 
seminal vesicles [15;18;36]. Besides the day-to-day bladder wall movement, 
significant intra-fraction bladder wall displacement may occur during bladder RT 
delivery [37;72]. Bladder volume change is a main driving force causing cervix uteri 
deformation, and a few studies found that deformation of uterus can be partially 
explained by variations in bladder volume [73-75]. Bladder volume changes have also 
been reported to alter the position of prostate [76-78]. Numerous groups [15;76-79] 
give patients drinking instructions to standardize bladder volume, however, the effect 
is limited and the guidelines do not result in consistent bladder filling.  
 
For bladder cancer, fiducial marker techniques have been introduced to mark the 
border of bladder tumor and movement of bladder tumor can be successfully tracked 
by using online cone beam CT (CBCT) [33;80;81]. However, the deformable bladder 
wall is often poorly visible in daily CBCT image because of the poor soft-tissue 
contrast. Thus, the dose on the healthy part of the bladder cannot be accurately 
determined. Short term bladder deformation between CBCT acquisition and dose 
delivery leads to geometrical uncertainties in bladder cancer treatment. Hence, to 
meet these two challenges, it is essential to study the mechanics of the bladder 
deformation process to allow improving the precision of the treatment.  
 
Lotz et al. [40;82] used a linear model to describe the bladder shape and position as a 
function of the bladder volume and the rectal filling. Sohn et al. [83] modeled 
individual geometric variation of prostate, rectum and bladder by principal component 
analysis. Patient-specific geometric variation observed in multiple imaging data can 
be described accurately by a few dominating eigenmodes. These two models found 
that the bladder deformation pattern is patient dependent and therefore several prior 
images are required to build a patient-specific geometric model.  
 
From a mechanical point of view, most pelvic organs are deformable bodies. Due to 
the external and internal organ loadings, such as inlet of urine, the organs move and 
interact with each other, under kinematic constraints. The patient-specific deformation 
patterns found by Lotz et al. and Sohn et al. [82;83] could perhaps be explained by a 
mechanical model where different patients have specific geometries and material 
properties.   
 
The finite element (FE) method is a numerical technique where a mechanical model is 
built by solving partial differential equations. Recently, FE has been used to simulate 
the mechanical deformation of soft tissue during surgery [84] and medical 
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examinations [85]. However, only limited investigations have been performed for the 
simulation of anatomical variation that are relevant for radiotherapy [86-88].      
 
In this work, we used a 3D FE method to model the specific geometry and simulate 
the interaction between the bladder and adjacent pelvic structures. This approach can 
potentially predict the movement of the bladder and its surrounding organs, based on 
a single geometric model (i.e., derived from a planning CT), using just bladder 
volume as input. The aim of this paper is to introduce this approach and test the 
accuracy of the model to predict short term bladder deformation. 
 
 

3.2 Materials and methods 

3.2.1 Data acquisition 
 
Coronal MRI datasets were acquired from 10 healthy volunteers (5 males and 5 
females). The median age of the volunteers was 43 years (range: 26-63). Volunteers 
were instructed to empty their bladder and drink 300 ml water 15 min prior to 
acquisition. The volunteers were positioned supine without immobilization and a 
pelvic phased array coil was applied. For each volunteer, a series of MRI scans of the 
pelvic area was recorded at regular intervals of 10 min over a period of one hour. 
Imaging was done with on a 1.5 T system (Somatom: Siemens Medical Systems, 
Erlangen, Germany). The following MRI parameters were used: T2-weighted 
sequence, repetition times: 8.1 ms, echo time: 4.0 ms, reconstruction in-plane matrix: 
256*256 pixels, isotropic in-plane resolution: 1.4*1.4 mm2, and section thickness: 1.4 
mm.  
 
The dataset in this work is the same as was used in a previous paper [40]. 
 
 

3.2.2 Biomechanical model of tissue deformation 
 
As elastic materials, human tissue motion must obey the laws of mechanics. 
Geometrical motion of the organ due to respiration, internal fluid distribution and 
surrounding tissue traction can be described by using constitutive equations based on 
mechanical and mathematical laws [89].   
 
Tissue deformation can be characterized as a minimum variation of total energy 
described as: 

 

  DdFd T
2

1
                                   (3.1) 

where Ω represents the continuous domain of an elastic body, F is the external force, 
D is the displacement in domain Ω and σ is the stress vector and ε is the strain vector. 
In three-dimensional continuum mechanics, a strain tensor written as ε = [εx, εy, εz, γxy, 
γyz, γxz] 

T is related to stress σ through Hooke’s law, i.e. σ = [C] ε, where the matrix C 
is defined by the elasticity matrix characterizing the material’s properties. Finally, the 
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strain is related to displacement by the assumption that ε = LTD, where L is a linear 
differential operator [90] . 
 
Using an FEM approach, the problem domain Ω can be divided into discrete elements, 
with each element consisting of several nodes. The element type is assumed to be 
tetrahedral. The displacements of the points inside the element are obtained through 
the interpolation of node displacements, i.e. for each point x in the element e, 

where  are the basis functions over the element e [91].  The 

unknown displacements Di of these nodes are subjected to imposed force,   elastic 
model and boundary constraints, which are usually calculated by solving a set of 
algebraic equations.  
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The minimization of the total energy in equation (3.1) using the variation principle, 
the relation between the vectors of displacements D and elastic forces F at each node i 
given the forces and acting on the boundary nodes is:   
 

FKD                                                    (3.2) 
 
The displacements on the boundary nodes are fixed to match those generated by the 
surface correspondence estimates. This is done by setting all elements on rows K  
corresponding to boundary elements to zero, except for the diagonal that is set to 1. 
The corresponding right hand side element is set equal to the specified displacement 
value. Solving equation (3.2) for unknown displacements will produce a deformation 
field over entire mesh, and the prescribed displacements at boundary nodes will be 
preserved.  
 
 

3.2.3 Finite element model construction 
 
Generally, the FE method consists of the following three steps. First the problem 
domain is decomposed into a large number of elements which are connected via 
nodes located on their boundaries. Then, the load and boundary condition are defined. 
Finally, the displacement field in response of the load is calculated by solving partial 
differential equations (steps 4, 5 and 6 of figure 3.1). The other steps of figure 3.1 
have to do with pre- and post-processing.  
 
In each series of MR images, a single observer manually delineated the outer bladder 
wall on every image. In a previous study, 250 cm3 was found to be the average 
bladder volume in planning CT [81], so the image with a bladder volume closest to 
250 cm3 was selected as reference. For the reference image, the other pelvic structures 
i.e. small bowel, prostate, rectum, pelvic bone, spine and body contour were also 
manually delineated (step 1 in figure 3.1). Since manual contouring of the inner 
bladder wall was difficult and not reliable on the T2 weighted MR image, the inner 
bladder contour was created by uniformly shrinking the outer bladder wall by 3 mm, 
which value was reported as the average bladder wall thickness by Hakenberg et al. 
[92].  All the contours on the reference image were used to build surface and volume 
meshes. 
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The contours on the reference image were converted to binary images and next 
converted into a triangular surface mesh using the marching cubes algorithm [93]. 
This algorithm created a triangle representation based on the intersection of the 3D 
contour surface with each voxel. The rough texture of the generated contour surface 
(figure 3.2 (a)) was different from real organ shape, so the jagged surface was 
eliminated by smoothing filter. The surface smoothing step generates more regular 
triangulations and improves the quality of volume meshes which are generated based 
on the triangulations. 
 
The surface meshes were smoothed by iteratively moving each vertex to the average 
position of its neighboring vertices. After smoothing, the connectivity of mesh and 
number of vertices were unchanged, while the appearance and shape of the surface 
mesh were improved. For all the meshes, the smoothing was performed with 5 
iterations, except for smoothing on the body contour which required 10 iterations.  To 
obtain a reasonable volume mesh size, the number of triangles describing the surface 
was reduced. The surface meshes of the inner bladder, outer bladder, prostate, rectum 
and small bowel were reduced to 10% of original mesh size, while the surface meshes 
on spine, pelvic bone and body contour was reduced to 2 % of the original size. The 
number of vertices depends on the volume of organs. On average, the number of 
vertices on the bladder surface was 800. After mesh reduction, the surface was 
smoothed again by the same smoothing filter. An example of this pre-processing of 
the outer bladder is given in figure 3.2.  
 
The smoothed triangular surface meshes representing the segmented organs were 
imported into a commercial FE method software package (Abaqus version 6.9 
Dassault Systemes Simulia BV). Then subtraction (Boolean operation) between 
surface meshes was done to create the bladder wall and surrounding pelvic tissues 
other than pelvic organs. The surrounding tissue consisting of all anatomy not 
specifically delineated is referred to as “body”. Totally, seven organs were created 
which were bladder wall, small bowel, rectum, prostate (uterus for female), spine, 
pelvis and body. The seven organs were assembled as an entire model indicated in 
step 3 of figure 3.1. Then, surface interfaces and organ-specific material properties 
were assigned to each organ.  A simple linear elastic material model was chosen with 
the parameters for each organ as shown in table 3.1. The linear material properties are 
characterized by two parameters: Young’s modulus E and Poisson’s ratio v. A larger 
Young’s modulus indicates a stiffer material and a larger Poisson’s ratio indicates a 
less compressible tissue. The material properties were taken from literature [94;95], 
except for the small bowel and the uterus, which were considered as a bulk tissue. The 
material properties of uterus and small bowel were found by optimizing on a subset of 
the volunteers and applied to all test population. Using the starting values of E =10 
kPa and v = 0.49, trial simulations were made iteratively varying the values of E and v 
of small bowel and uterus on three cases.  By separately varying the values of material 
properties for these two organs, a set of values was obtained (small bowel: E = 3 kPa 
v = 0.35; uterus: E = 20 kPa and v = 0.45), when the model produced the most 
accurate results for bladder shape prediction.    
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Table 3.1: Applied linear elastic material parameters for pelvic organs. 

Organs Poisson ratio (v) Young’s modulus (E)(kPa) 
Bladder 0.49 10 
Pelvic tissue (“body”) 0.40 15 
Bone (spine and pelvis) 0.49 1, 000 
Prostate (male) 0.40 21 
Uterus (female) 0.49 20 
Rectum 0.45 10 
Small bowel 0.35 3 

 
 
 
 
Next, a 3D four-node tetrahedral volume mesh was next created from all surface 
meshes using the free meshing method in the Abaqus package, as shown in step 4 of 
figure 3.1. By setting the global element size to 2 mm, on average 200, 000 
tetrahedral elements were generated for each model including all the organs. All 
elements belonging to the same organ were assigned the same material properties. 
 
As bladder filling is a rather slow process, the bladder filling increase is considered as 
a static kinematic process. During the scan session, the rectal filling did not change 
significantly, as was reported in a previous study [40] and we also assumed the 
external forces applied on other pelvic organs had not changed. So, bladder filling 
was the only reason causing deformation of the pelvic region. An internal pressure of 
1 kPa was uniformly applied on the inner bladder wall to simulate an arbitrary bladder 
filling increase. The exact bladder pressure corresponding to the know volume was 
unknown, however since this model was a linear system, the deformation caused by 
different pressure could be calculated by scaling the results until the desired volume 
was reached. During scanning, volunteers lay on the table in supine position with an 
MR coil attached to belly. Hence, the kinematic boundary conditions were such that 
the nodes on back position were fixed in all directions and the nodes on the abdomen 
were restrained from any displacement along anterior-posterior direction. Loads and 
boundary conditions are illustrated in step 5 of figure 3.1.     
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Figure 3.1: Flowchart of FEM construction and visualization procedure. (1) Contour delineation. 
(2) Surface mesh generation. (3) Creating surface interface between organs and assigning specific 
material properties to each organ. (4) Volume mesh generation. (5) Applying pressure load and 
boundary condition. (6) Organ deformation simulation. (7) Reconstruction of deformed organs. 
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                         (a)                                                           (b)                                                   (c)        
Figure 3.2: Smoothing and mesh reduction process of the bladder surface mesh : (a) original 
surface mesh generated by marching cubes algorithm, (b) results from (a) smoothed using a 
simple Laplacian smoothing operation with 5 iterations, (c) results from (b) whose surface 
triangulation number was reduced to 10% and smoothed with another 5 iterations.  
 
 

3.2.4 FE Simulation and volume fitting 
 
Once the load and boundary conditions were defined, finite element analysis (FEA) 
was performed to determine the displacements of all nodes in the model. A static 
direct single step was chosen for the FEA. The analysis was carried out on an Intel 
Duo Core CPU of 3.0 GHz with 8 GB of RAM and a 64 bits version of Windows XP. 
The average computation time for each model was 2 hours.   
 
The result of FEA is a displacement vector of each volume node. Applying positive or 
negative scaling of these vectors allows construction of expanded or contracted 
bladders from the reference image. The scale factors were chosen such that the 
volume of the reconstructed bladder (enclosed by deformed outer bladder wall) was 
the same as the volume of the bladder in the test image.  All images, including the 
reference, of each MR series were used as test images.  
 
 

3.2.5 Accuracy and residual error calculation 
 
We considered the bladder delineation on the test images as the ground truth, so we 
evaluated the accuracy of the bladder model by calculating the difference between the 
actual delineated bladder contours and the bladder contours predicted by the FEA.  
 
We used the dice similarity coefficient (DSC) to measure the coincidence between the 
predicted and actual bladders. For two segmentations, R1 and R2, the DSC was defined 
as the ratio of the volume of their intersection to their average volume:  
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Note that the volumes of R1 and R2 were identical because of the volume fitting. The 
DSC has a value of 1 for perfect agreement and 0 when there is no overlap.  
 
The surface mesh of the bladder in test images was resampled by 10, 000 randomly 
distributed surface nodes. The local residual error was defined by computing the 
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distance between each node on predicted bladder surface and its closest node in the 
resampled delineated bladder surface. The mean and standard deviation (SD) of the 
residual errors of all nodes were calculated for every bladder shape prediction.    
 
 

3.3 Results 

3.3.1 Scans 
 
There were on average 6.3 (range, 4-8) MR scans acquired for the volunteers enrolled 
in this study. The average of bladder volume in all the series of scans was 
405.9±189.1 ml (1SD). The average bladder volume of all the reference images was 
245.4 ±30.1 ml (1SD).      
 
 

3.3.2 Qualitative evaluation of the bladder model 
 
The FE model was used to obtain insight in how the bladder deformation is affected 
by different resistance of surrounding structures. In a typical example (figure 3.3), we 
observed non-uniform expansion of the bladder wall, which occurred mainly in the 
cranio-anterior direction. 
 
 

    
Figure 3.3: Results of bladder expansion simulation visualized in coronal and sagittal direction.  
 
 
 
To verify the conformity of the bladder model, the predicted bladder surface was 
reconstructed and overlaid on the series of MR images, such as for example, for 
volunteer 1 (figure 3.4). Only small mismatches between the predicted and the real 
bladder surface occurred for bladder filling ratios between 50% and 200% of the 
reference volume (figure 3.4 a, b, d and e). However, the front part of the bladder 
showed larger discrepancies when the bladder filling increased beyond 200% of the 
original volume (figure 3.4 f, g and h).  
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    (a)                                   (b)                                     (c)                                     (d)    

       (e)                                   (f)                                    (g)                                    (h)     
Figure 3.4: Predicted bladder surfaces (light green) overlaid on a series of MRI images, ordered 
from empty (a) to full bladder (h). (c) is the reference image, which, together  with the volume 
change of  the bladder, is the only input to the finite element model. The red circles indicate 
regions with discrepancies between the predicted bladder wall and actual bladder on the images. 
 
 
 

Table 3.2: Mean of DSC, mean and SD of local residual error of the prediction model. 
 

Local residual error 
Volunteer Gender 

Mean 
DSC Mean (cm) SD (cm) 

1 male 0.91 0.31 0.25 
2 male 0.79 0.47 0.51 
3 male 0.93 0.22 0.18 
4 male 0.87 0.32 0.34 
5 male 0.90 0.25 0.24 
6 female 0.92 0.31 0.26 
7 female 0.88 0.30 0.26 
8 female 0.89 0.34 0.34 
9 female 0.87 0.36 0.34 
10 female 0.93 0.25 0.18 
Males  0.88 0.31 0.30 
Females  0.90 0.31 0.28 
All   0.89 0.31 0.29 
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Figure 3.5: The overlap index between predicted and actual bladder contours versus bladder 
volume change for the ten volunteers. The icons and curves of male and female volunteers are 
labeled by blue square and red circle, respectively.    
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Figure 3.6: The mean and standard deviation (error bar) of local residual error between 
predicted and actual bladder surfaces versus the bladder volume change for the ten volunteers. 
The icons and curves of male and female volunteers are labeled by blue square and red circle, 
respectively. 
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3.3.3 Quantitative evaluation of bladder model  
 
The mean DSC and mean and SD of the local residual errors for the bladder 
deformation prediction of 10 volunteers were presented in table 3.2.  The mean DSC 
over 10 volunteers ranged from 0.78 to 0.93. There was no significant difference of 
the DSC between male and female groups (p > 0.1). The average DSC of all the test 
images was 0.89, and for each individual the DSC decreased with increasing bladder 
volume, as shown in figure 3.5. Pooling the data of the ten volunteers together, when 
bladder volume changed every 100 ml, the DSC value decreased by 0.05.   
 
Figure 3.6 depicts the mean local residual errors related to the bladder volume change 
for each individual volunteer. The average mean and SD of local residual of all the 
volunteers were 0.31 cm and 0.29 cm. Within a range of 150 ml bladder volume 
change, the mean and SD were both smaller than 0.4 cm, however, the residual errors 
increased with the bladder volume increase. The largest error occurred in the 
volunteer 2. When bladder volume increased by 400 ml, the local residual errors 
reached 0.65 ± 0.54 cm (1SD). In figure 3.6 the residual error at 0 ml was not zero, 
which indicated a small systematic error of the local residual measure caused by the 
resampling of the surface vertices.    
. 
As an example, figure 3.7 visualizes the spatial distribution of the residual errors of 
volunteer 1 with a bladder volume increased by 200 ml. The largest residual errors 
occurred at the anterior and cranial part of bladder surface, i.e. at the place of the 
interface with small bowel. The residual errors calculated from the other test images 
showed similar distributions.  
 

 
 
 

 
Figure 3.7: Color-coded projection of residual errors on bladder surface of volunteer 1 with the 
bladder volume increased by 200 ml.  
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3.4 Discussion 
 
We presented an approach to construct a realistic 3D bladder model that simulates 
bladder deformation caused by bladder filling and predicts the short term bladder 
deformation using only bladder volume as input. Volume- and distance based 
measures were used to assess the accuracy of the bladder model. The agreement 
between simulation and real situation suggests that this FE bladder model is a feasible 
approach to predict the bladder deformation based on limited amount of observations.  
 
Considering the FE simulation results, we observe that the increase of bladder volume 
does not only cause bladder wall deformations but also results in an interaction with 
all organs in the pelvis. The expansion of bladder inevitably leads to pushing the 
small bowel upwards, rotation of prostate in males or the deformation of uterus in 
females. In this simulation, we learned that in the pelvic region the small bowel and 
pelvic bone are the softest and stiffest structures, respectively, which determine the 
highly anisotropic deformation of bladder. This phenomenon should not be neglected 
when defining margins that ensure adequate dose coverage. It suggests the need for 
anisotropic margins for bladder cancer in whole bladder irradiation. The largest 
margin should be applied at the cranial side of the bladder next to the small bowel. 
 
During about one hour, we did not find short-term bladder motion to be significantly 
affected by rectal or small bowel motion. This finding agrees with a previous study of 
short term bladder filling, in which the short-term rectal distention was found to be a 
much less important cause of bladder wall displacement than bladder filling [17;38]. 
 
The accuracy of the bladder model is highly correlated with magnitude of bladder 
volume change as shown in figure 3.6. Pinkawa et al. [77] reported the SD values of 
daily bladder volume are 124 ml with full bladder protocol and 56ml with empty 
bladder protocol. The bladder volume increase during a 28 min treatment time is 42 ± 
47 ml [38]. In our study, the average SD of bladder volume in series of scans is 198.8 
ml, which is larger than the inter- and intra-fraction bladder volume variations 
reported above. So, a higher accuracy could be achieved on patients with bladder 
cancer, especially for intra-fraction bladder motion prediction.  
 
Compared with other bladder models [82;83], which describe the bladder deformation 
in a statistical way, our approach considers bladder filling change as a mechanical 
process and simulated the deformations caused by bladder filling change for the entire 
pelvis. This mechanical model showed some advantages. First, the model can be 
established based on just one scan, i.e. it needs much less prior information than 
statistical models. Second, the deformation of multiple organs can be calculated 
simultaneously, as the model is built for the entire pelvic region. Third, the results are 
described in terms of a vector field. Therefore, these data allow direct deformable 
dose accumulation for 4D planning of hollow and solid organs without interpolation.  
 
However, the main drawback of the finite element modeling is that the accuracy is 
limited. The statistical bladder model [82] can reach fitting errors within 0.5 cm (0.2 
cm on average), and the published PCA based method [83] models bladder 
deformation with residual error in the range of 0.15- 0.19 cm. The residual error of the 
finite element model (mean = 0.31 cm, SD = 0.29 cm, and local maximum error 
exceeded 1 cm) is larger than the errors in these two published statistical bladder 
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models. We expect that the poor definition of biomechanical material properties is the 
major limiting factor, as well as sliding of tissues that was not modeled.  In this study 
a simplistic model, using population based linear elastic material properties was used, 
since complex patient-specific models are difficult to obtain for human tissues and 
non-linear model significantly increase computational time.  However, in reality 
biological material always shows non-linear and non-elastic behavior [96-98]. 
Veronda et al. presented a material law which expresses the feature of soft tissue 
through an exponential term [96]. The most common nonlinear material models to 
describe the smooth muscle tissue are Odgen, Mooney-Rivlin and Yeoh models that 
are all available in Abaqus FE software [97;98]. In the future, such non-linear 
properties will be added to our model, as well as bladder tumors, which are known to 
be stiffer and deform less than the healthy part of the bladder wall [36]. Additionally 
material properties have been reported to be patient-specific [99;100], where the 
variation of the human tissue Young’s modulus has been reported to be within ±25% 
of its mean values [99;101]. Especially for the small bowel and rectum, the bulk 
structures both include their content, probably causing the material properties of these 
two structures to vary largely between individuals and from day to day.  
 
We did a limited material sensitivity analysis to test how the variation of elasticity 
between individuals affects the accuracy of the bladder model. For simplicity, 30% 
was considered as uncertainty of material parameters between individuals [101]. For 
volunteer one (illustrated in figure 3.4), the elasticity property Young’s modulus of 
three important structures surrounding bladder, small bowel, body and prostate were 
increased and decreased 30% with reference value, respectively. We analyzed the 
effects of varying material parameters on the resulting bladder deformation. For the 
tested bladder volume increase of 200 ml, the bladder deformation prediction is not 
very sensitive to these changes. Given a 30% material uncertainty, only <2% change 
of overlap index and less than 0.5 mm change of mean and SD of local residual errors 
were observed (figure 3.8). This suggests that including more than one prior image to 
optimize patient-specific material properties can only slightly improve the accuracy of 
bladder model.   
 
The new MR elastography technique might allow us to obtain more accurate material 
properties for every patient. This could result in a more accurate finite element model, 
utilizing actually measured material properties for every element [102;103]. 
 
Another limitation of this study is that the sliding between tissues in the deformation 
process was not included in the FE model. That is because of the poor definition of 
the friction factor in contact layers and a dramatic increase of computation time for 
this simulation.   
 
An issue with the FE model is the long computation time. The whole process takes 
about 4 hours excluding the time required for organ delineating. It takes about 2 hours 
to construct the FE model, which needs user’s intervention to make Boolean 
operations and mesh setting to assure the quality of mesh. The FE analysis with about 
200, 000 nodes and 1, 200, 000 elements requires about 2 hours. We are currently 
investigating directly exporting the voxels in the image to the FE model as 8-node 
cubic element. The voxel-based mesh can be automatically generated from a binary 
image within two minutes. The computation efficiency and accuracy are comparable 
with the tetrahedral meshes that are used in this study. Since the voxel based mesh 
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generation approach can save about 2 hours’ FE construction time and users’ 
intervention, it makes the FE method more feasible and applicable to model bladder 
deformation in radiotherapy.   
 

 
Figure 3.8: The accuracy of bladder deformation versus the uncertainty (±30%) in Young’s 
modulus of structures of small bowel, body and prostate. (a), (b) and (c) show the overlap, mean 
and SD of the local residual errors between predicted and actual bladder surface of volunteer 1 
with bladder volume increased by 200 ml, respectively. 
 
 

3.5 Conclusion 
 
We developed a 3D finite element model to simulate the interaction between pelvic 
organs solely caused by bladder volume changes. This model shows promise for the 
prediction of bladder deformation using just one image dataset and bladder volume 
changes as input. The accuracy levels achieved with this method are primarily limited 
by the inappropriate definition of material properties and sliding between organs, 
which has not been modeled. Such a bladder model gives insight into the interaction 
of pelvic organs and can potentially improve image-guided radiotherapy for bladder 
cancer patients, for example by predicting short-term movement.  
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Abstract 
 
Purpose: A finite element (FE) bladder model was previously developed to predict 
bladder deformation caused by bladder filling change. However, two factors prevent 
a wide application of FE models: (1) the labor required to construct a FE model with 
high quality mesh and (2) long computation time needed to construct the FE model 
and solve the FE equations. In this work, we address these issues by constructing a 
low-resolution voxel-based FE bladder model directly from the binary segmentation 
images, and compare the accuracy and computational efficiency of the voxel-based 
model used to simulate bladder deformation with those of a classical FE model with a 
tetrahedral mesh.  
 
Material and Methods:  For ten healthy volunteers, a series of MRI scans of the 
pelvic region was recorded at regular intervals of 10 min over 1h. For this series of 
scans, the bladder volume gradually increased while rectal volume remained 
constant. All pelvic structures were defined from a reference image for each 
volunteer, including bladder wall, small bowel, prostate (male), uterus (female), 
rectum, pelvic bone, spine and the rest of the body. Four separate FE models were 
constructed from these structures: one with a tetrahedral mesh (used in previous 
study), one with a uniform hexahedral mesh, one with a non-uniform hexahedral 
mesh and one with a low-resolution non-uniform hexahedral mesh. Appropriate 
material properties were assigned to all structures and uniform pressure was applied 
to the inner bladder wall to simulate bladder deformation from urine inflow. 
Performance of the hexahedral meshes was evaluated against the performance of 
the standard tetrahedral mesh by comparing the accuracy of bladder shape 
prediction and computational efficiency. 
 
Results: FE model with a hexahedral mesh can be quickly and automatically 
constructed. No substantial differences were observed between the simulation 
results of the tetrahedral mesh and hexahedral meshes (<1% difference in mean dice 
similarity index to manual contours and <0.02 cm difference in mean standard 
deviation of residual errors). The average equation solving time (without manual 
intervention) for the first two types of hexahedral meshes increased to 2.3 h and 2.6 
h compared to the 1.1 h needed for the tetrahedral mesh, however, the low-
resolution non-uniform hexahedral mesh dramatically decreased the equation solving 
time to 3 min without reducing accuracy.  
 
Conclusion: Voxel-based mesh generation allows fast, automatic, and robust creation 
of finite element bladder models directly from binary segmentation images without 
user intervention. Even the low-resolution voxel-based hexahedral meshe yields 
comparable accuracy in bladder shape prediction and more than 20 times faster in 
computational speed compared to the tetrahedral mesh. This approach makes it 
more feasible and accessible to apply FE method to model bladder deformation in 
adaptive radiotherapy. 
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4.1 Introduction 
 
The finite element (FE) method is a powerful computational tool for modeling soft 
tissue deformation. It has been widely used to simulate the mechanical deformation of 
soft tissues in medical surgery [84]. For radiotherapy applications, FE modeling has 
yielded positive results in modeling different organs such as the prostate [88;94;104], 
lung [105-107], bladder [108;109], liver [86] and breast [99]. FE methods produce 
physically plausible biomechanical tissue deformations and serve as a gold-standard 
in validation of other deformable registration algorithms [110;111].  
 
In bladder cancer radiotherapy, the target and the organs at risk (e.g. rectum, small 
bowel, and prostate) are highly deformable structures. For instance, the uncertainty in 
the location of bladder tumors can be as much as 3 cm due to changes in bladder 
volume and adjacent organs [15;36]. Besides the day-to-day bladder deformation, 
significant intra-fraction bladder wall movement may occur during radiotherapy 
delivery [38]. So the inter- and intra-fractional anatomy variations limit the accuracy 
of radiation treatment and restrict the potential of dose escalation for bladder cancer 
[18]. In our previous paper [108], we studied bladder motion by constructing a FE 
biomechanical bladder model to simulate the deformation of pelvic organs caused by 
bladder filling change. This bladder model shows promise for the prediction of 
bladder deformation using just one image data set and bladder volume changes as 
input. It can accurately predict short-term bladder deformation and can potentially be 
used to improve image-guided radiotherapy for bladder cancer patients by making 
multiple plans from simulated artificial CT images with different bladder volumes. 
 
However, the current FE approach used to model patient-specific bladder deformation 
is a very time-consuming process and requires manual labor. This process consists of 
two steps. The first step is model construction, in which a triangular surface mesh is 
extracted from a 3D binary segmentation image of each organ, exported to a mesh 
generator in a commercial software package Abaqus where subtraction Boolean 
operations are performed between overlapped surface meshes to create the new 
surface mesh of each organ, material properties are assigned to each organ, the new 
surface mesh of each organ is discretized to a solid tetrahedral volumetric mesh and 
finally the load and boundary conditions are applied to the surface boundary. This 
model construction process is done using the graphic user interface of Abaqus. 
Sometimes, when there are very short lines in the newly generated surface meshes, 
Abaqus has trouble automatically generating high quality tetrahedral meshes with 
reasonable resolution. In that case, manual intervention is required. The second step is 
solving partial differential equations,  which takes another one hour for a model with 
200, 000 nodes and 1, 200, 000 tetrahedral elements. Manual user interventions and 
long computation time are the major roadblocks to a wide application of FE models. 
Reducing the labor required to generate a FE model and the time used to solve the FE 
model will make this method more attractive and practical for both research and 
clinical applications.  
 
In theory, hexahedral meshes generally yield a little higher accuracy than tetrahedral 
meshes [112].  However, this only happens when both tetrahedral and hexahedral 
meshes are generated from the same surface meshes. In current practice, most 
commercial software packages are unable to automatically generate hexahedral 
meshes from complex geometries.  
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In medical imaging application, the voxel hexahedron meshing method first proposed 
by Keyak et al. [113] is an alternative way to generate hexahedral meshes from 
segmented medical image sets. By utilizing the fact that segmentation images are 
naturally composed of solid discretized voxels, the voxel hexahedron meshing 
algorithm operates by generating a regular hexahedral element from the voxel of 
interest in the segmentation images instead of from the surface contours. Generating 
volume meshes directly from the image data can eliminate the extra step of generating 
a 3D surface and then discretizing the solids formed by those contours. This meshing 
method is robust and simple and allows automatic construction of hexahedral meshes 
from medical images. 
 
However, there is a trade off because the regular hexahedral elements lead to jagged 
or ‘digitized’ mesh surfaces. The errors introduced by this effect are particularly 
significant when modeling objects with relatively thin cross-sections [114]. In 
addition, the number of nodes generated by the voxel hexahedral meshing method can 
be significantly higher than that of other meshing methods. This increased node count 
means that the equation solving stage of the model will be computationally more 
expensive.  
 
In this study, we will evaluate the extra simulation errors introduced by the jagged 
cubic edges and reduce the number of hexahedral elements using a uniform 
downsampling and multiresolution approach. The basic idea of the multiresolution 
mesh approach is to use a finer mesh at regions close to the load for greater accuracy 
and to use a coarser level of detail in other regions for computational efficiency. In the 
deformation simulation of the pelvic region, stress is caused by urine inflow, so the 
regions near the bladder were discretized with a higher resolution than the other 
regions. 
 
The purpose of this paper is to develop a method of constructing voxel-based FE 
bladder models with a hexahedral mesh, and compare its accuracy and computational 
efficiency to those of a classical FE model with a tetrahedral mesh in simulating 
bladder deformation. 
 
 

4.2 Materials and methods 

4.2.1 Data acquisition 
 
Ten healthy volunteers (five males and five females) were investigated in this study. 
The median age of the volunteers was 43 years (range: 26-63). The data set in this 
work is the same as was used in previous papers [40;108]. Volunteers were instructed 
to empty their bladder and drink 300 ml of water 15 min prior to acquisition. The 
volunteers were positioned supine without immobilization and a pelvic phased array 
coil was applied. For each volunteer, a series of MRI scans of the pelvic region was 
recorded at regular intervals of 10 min over a period of one hour.  Imaging was done 
on a 1.5 T system (Somatom: Siemens Medical Systems, Erlangen, Germany). The 
MRI parameters were: T2-weighted sequence; repetition time: 8.1 ms; echo time: 4.0 
ms; reconstruction in-plane matrix: 256*256 pixels; isotropic in-plane resolution: 
1.4*1.4 mm2; and section thickness: 1.4 mm.  
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4.2.2 Finite element model construction 
 
Generally, construction of FE bladder model consists of two steps. First, the problem 
domain (human pelvic region excluding inner part of bladder) is decomposed into a 
large number of elements, which are connected via nodes located on their boundaries. 
Then the pressure load on inner bladder wall and boundary conditions are defined.  
 
In each series of MR images, the image with a bladder volume closest to 250 cm3 was 
selected as reference, as this was the typical bladder volume in planning images for 
“full bladder treatments”. For each reference image, all pelvic structures, i.e., outer 
bladder wall, small bowel, prostate, rectum, pelvic bone, spine and body contours 
were manually delineated by a single observer. Since manual contouring of the inner 
bladder wall was difficult on the T2-weighted MR images, the inner bladder contour 
was created by uniformly shrinking the outer bladder wall by 3 mm. For the 
hexahedral mesh models, because of the resolution limitation, the inner bladder 
contour was created by shrinking the outer bladder wall by 5 mm. All contours on the 
reference image were used to build the FE bladder model. For the other images, only 
the outer bladder wall was delineated for the purpose of model verification. 
 
Four FE models with different mesh types were constructed. The first was the 
tetrahedral mesh adopted from our previous paper [108]. The contours on the 
reference image were converted to binary segmentation images and then converted 
into a triangular surface mesh. To maintain a reasonable volume mesh size, the mesh 
was smoothed and the number of triangulations describing the surface was reduced. 
After that, the decimated surface mesh was smoothed again. The smoothed triangular 
surface meshes representing the segmented organs were imported into a commercial 
FE method software package (Abaqus version 6.9, Dassault Systemes, Simulia BV). 
Then, Boolean operations between the overlapped surface meshes were done to create 
a hollow bladder wall and new surface meshes of surrounding pelvic organs. The 
inner part of the bladder becomes the boundary surface in the FE model. Due to the 
delineation inaccuracy, inevitably there are some overlaps between the contours of 
adjacent organs, like bladder with small bowel and bladder with uterus or prostate. 
We defined a priority score for the pelvic organs from high to low (6 to 1): bladder, 
uterus (or prostate), rectum, small bowel, bone and body. Boolean operations were 
performed based on this prioritization such that the overlapping regions between 
adjacent organs are always merged into the highest priority scoring organ, 
subsequently the surface meshes of the organs with lower priority score were 
modified. Organ specific material properties were then assigned to each organ. A 
linear elastic material model was chosen with the parameters for each organ shown in 
table 4.1, which was taken from literature [94;95;108]. The linear material properties 
were characterized by two parameters: Young’s modulus E and Poisson’s ratio v that 
represent stiffness and compressibility, respectively. Next, a 3D four-node tetrahedral 
volume mesh was created from all surface meshes using the free meshing method in 
the Abaqus package. The generated tetrahedral mesh filled the entire pelvic region 
except the inner part of the bladder. However, this mesh generator in Abaqus did not 
always generate high quality 3D meshes with reasonable resolution since Boolean 
operations between overlapped surface meshes could create new vertices that were 
extremely close to existing vertices. This might cause a failure of volume mesh 
generation or a failure of simulation due to badly shaped elements (elongated or 
skinny elements). When mesh generation or simulation failed, the edge of the 
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segmentation image where badly shaped elements were located would be manually 
adjusted. Then, the surface mesh generation, Boolean operations, and volume mesh 
generation would be repeated on the adjusted segmentation images. During the MRI 
scan session, the rectal filling did not change significantly and the bladder filling was 
considered a stable kinematic process, so an arbitrary internal pressure of 1 kPa was 
uniformly applied on the inner bladder wall to simulate an arbitrary bladder filling 
increase. The exact bladder pressure corresponding to the known volume was 
unknown. However, since the model is a linear system, the deformation caused by a 
different pressure could be calculated by scaling results until the desired volume was 
reached. The initial pressure would be scaled such that the volume of the modeled 
bladder corresponds to the actual bladder volume. During the scans, volunteers laid on 
the table in supine position with MR coil attached to the belly. We therefore assume 
the back of the volunteer was fully attached to the table and the belly was not 
moveable along the anterior-posterior direction. Hence, the kinematic boundary 
conditions were such that the nodes on the back position were fixed in all directions 
and the nodes on the abdomen were restrained from displacement along the anterior-
posterior direction. Sliding was not applied to the interface between different organs 
due to the unknown friction coefficients between pelvic organs. The whole procedure 
for the construction of FE model with tetrahedral mesh was done using the graphic 
user interface of Abaqus. More details on the development of the tetrahedral FE 
model have been described in an earlier paper [108].  
 

Table 4.1: Applied linear elastic material parameters for pelvic organs. 

Organs Poisson ratio (v) Young’s modulus (E)(kPa) 
Bladder wall 0.49 10 
Pelvic tissue (“body”) 0.40 15 
Bone (spine and pelvis) 0.49 1, 000 
Prostate (male) 0.40 21 
Uterus (female) 0.49 20 
Rectum 0.45 10 
Small bowel 0.35 3 

 
 
The second FE model with uniform hexahedral mesh, the third one with non-uniform 
hexahedral mesh and the forth one with low-resolution non-uniform hexahedral mesh 
were constructed in a similar manner. In contrast to the first model, the hexahedral 
meshes were directly generated from the segmentation images of pelvic structures and 
skipped the process of surface mesh extraction (figure 4.1). All contours on the 
reference image were converted into binary segmentation images with different 
intensities. The intensities are the same as the priority scores defined for each organ. 
The segmentation images of bladder, uterus (prostate), rectum, small bowel, bone and 
body were labeled with intensities 6, 5, 4, 3, 2, and 1, respectively. Boolean 
operations were performed between the binary images of different organs to label the 
overlap region with the same intensity as the organ with highest priority. An extra 
minus Boolean operation between inner and outer bladders was done to create the 
bladder wall. In the final segmentation image (figure 4.2), the voxels outside the body 
and inside the inner bladder were labeled as zero. The basic idea of the voxel meshing 
method is to translate each non-zero voxel in the segmentation image into a 
hexahedral element in the FE model and then create 8 nodes on the corners of each 
element. Figure 4.3 gives a 2D illustration of the translation from segmentation image 
to elements and nodes.  
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Surface mesh Volume mesh Mesh type 

 
Figure 4.1: FEM construction with four different mesh types. Four models with tetrahedral, 
uniform hexahedral, non-uniform hexahedral and low-resolution non-uniform hexahedral 
meshes were created from the binary images of all pelvic structures: bony structures, small bowel, 
rectum, bladder wall and prostate. The binary images were first converted to triangular surface 
mesh. A 3D four-node tetrahedral volume mesh was then created from all surface meshes. The 
eight-node hexahedral meshes with uniform element size, eight-node hexahedral meshes with 
non-uniform element size and eight-node hexahedral meshes with low-resolution non-uniform 
element size were directly generated from the binary images of pelvic structures. The volume 
mesh filled the entire pelvic region except for the inner part of the bladder. The inner bladder 
and surface of body were both the boundary surface of the FE models. 
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Figure 4.2: The assembled segmentation image after Boolean operation between seven binary 
segmentation images: inner bladder, outer bladder, uterus, small bowel, rectum, pelvic bone, 
spine and body. Different grey values label each organ. The region outside body and inside the 
bladder (black color) was not translated into hexahedral elements in the FE model. 
 
 

   
                                               (a)                                                         (b) 
Figure 4.3: A 2D illustration of the conversion from the segmentation image to a hexahedral 
mesh. (a): The dark grey (green in colorful version) and light grey label the pixels of two types of 
tissues in the segmentation image. The pixels with black color are labeled as “zero”. The non-zero 
pixels in (a) are translated to elements in (b) and nodes are located on the corners of each element.  
The black areas in (b) are out of the boundary surfaces of FE model.  
 
The voxel size of the original segmentation image was 1.4*1.4*1.4 mm3.  To maintain 
a reasonable number of elements, the segmentation image was uniformly or non-
uniformly down-sampled to different resolutions. In the uniform and non-uniform 
down-sampling process, some neighboring voxels in the segmentation image were 
merged into a larger voxel with unique intensity in the new image. The intensity of 
the new voxel was determined by the majority intensity of original voxels. When the 
new voxel consists of equal amount of original voxels with two different intensities, 
the higher intensity (higher priority score) was assigned to the new voxel. The 
segmentation image was first uniformly down-sampled by a factor of two. The 
uniform mesh was then created from the uniformly down-sampled image and it 
consisted of eight-node regular hexahedral elements with a uniform element size of 
2.8*2.8*2.8 mm3. In the FE model, the pressure on the inner bladder wall is the only 
load and we are only interested in the deformation of the outer bladder wall. We 
therefore considered the region around the bladder wall as the region of dominance 
for FE simulation. Since a finer mesh in the region of dominance has a larger effect 
on accuracy than that in other regions, we adopted a multi-resolution strategy to create 
a non-uniform mesh with finer mesh in the region of dominance and coarser mesh in 
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all other regions. We defined the region of dominance by extending the cubic region 
around the bladder border by four voxel sizes in six orthogonal directions of the 
original segmentation image. The original segmentation image was down-sampled to 
two multi-resolution images. The non-uniform and low-resolution non-uniform 
meshes were created from these two multi-resolution segmentation images. The non-
uniform mesh was an eight-node hexahedral element with eight different element 
sizes with a combination of 1.4 and 5.6 mm sides. The low-resolution non-uniform 
mesh was an eight-node hexahedral element with eight different element sizes with a 
combination of 2.8 and 11.2 mm sides. The element size of the two types of 
hexahedral mesh in the finer mesh regions around the bladder was 1.4*1.4*1.4 mm3 
and 2.8*2.8*2.8 mm3, respectively.  
 
 

 
Figure 4.4: For the tetrahedral mesh (a), the pressure load is applied on the smooth inner 
bladder surface. For the hexahedral mesh (b,c), the load is the forces applied on the nodes in 
jagged inner bladder wall surface such that has equivalent effect as pressure load. The yellow 
arrows in (b) and (c) indicate the forces in three orthogonal directions.  

(a)                                                         (b)                                                         (c) 

 
The generated hexahedral elements have a one-to-one correspondence to the voxels of 
down-sampled segmentation image. With such correspondence, the organ specific 
material properties were then assigned to each element. The material properties 
chosen for the three hexahedral mesh models were exactly the same as those for the 
first tetrahedral mesh model. For the hexahedral mesh, the same pressure was 
uniformly applied on the jagged inner bladder wall instead of on the smoothed surface 
for the model as was the case for tetrahedral elements (figure 4.4). The pressure 
distributed normal to the hexahedral element surface was converted to the force on the 
four nodes located on the corners of the acted upon element surface by multiplying 
the pressure with the element surface area. The element surfaces of inner bladder wall 
with pressure load were all in the finer mesh regions, so the element surface areas 
with load are 2.8*2.8 mm2 for uniform and low resolution non-uniform hexahedral 
mesh and 1.4*1.4 mm2 for non-uniform hexahedral mesh. Nodes were shared by 
adjacent element surfaces, hence the global force on each node was the summation of 
the force calculated from all adjacent element surfaces. For the three models with 
hexahedral meshes, the FE model was created by an in-house developed software and 
written into a text file in the format defined by Abaqus.  
 

4.2.3 FE simulation and volume fitting 
 
Once the model construction was complete, finite element analysis (FEA) was 
performed to determine the displacement field in the response of the pressure load by 
solving partial differential equations. A static direct single step was chosen for the 
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FEA. The analysis was carried out on a Dell with Intel Core 2 Duo CPU of 3.0 GHz, 
8 GB of RAM, and 64-bit Windows XP. Single processor and 90% memory were set 
in Abaqus software for FEA. The model construction time and simulation time for all 
four FE models were recorded. 
 
The result of FEA was a displacement vector of each volume node. This deformation 
vector field was transformed into the vertices of the smoothed bladder contour of the 
reference image, which is the same as the outer bladder surface mesh used to build the 
tetrahedral mesh. Each vertex of the smoothed bladder contour has a corresponding 
node with the same coordinates in the tetrahedral mesh, hence the deformation vector 
on these nodes in the model with tetrahedral mesh can be directly transformed back to 
their corresponding vertices of the smoothed bladder contour. For the three types of 
hexahedral meshes, the deformation vector map was transformed to the vertices of the 
smoothed bladder contour using tri-linear interpolation. Applying positive or negative 
scaling to these vectors allowed the construction of expanded or contracted bladders 
from the reference image. The scale factors were chosen such that the volume of the 
reconstructed bladder (enclosed by deformed outer bladder contour) was the same as 
the volume of the bladder in the test image. All images, including the reference 
image, of each MRI series were used as test images.  
 
 

4.2.4 Accuracy of FE models  
 
To evaluate the performance of the hexahedral meshes, we compared the accuracy of 
bladder shape prediction by calculating the volume and distance based errors of the 
three types of hexahedral meshes with those of the tetrahedral mesh. 
 
We used the dice similarity coefficient (DSC) to measure the volume overlap between 
the manually delineated and predicted bladders. For two regions: manually delineated 
bladder R1 and predicted bladder R2, the DSC was defined as the ratio of the volume 
of intersection to the average volume  
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Note that the volumes of R1 and R2 were identical because of volume fitting. The DSC 
had a value of 1 for perfect agreement and 0 when there was no overlap.  
 
The local residual error was defined by computing the distance from the points in 
manual delineated bladder surface to the triangles in predicted bladder surface. The 
residual error was positive when the point from the delineated bladder surface was 
located outside the predicted bladder and negative when the point was located inside 
the predicted bladder (figure 4.5). The standard deviation (SD) of the residual errors 
of all nodes was calculated for bladder shape prediction of all four models.  
 
For comparison purposes, the overlap and difference of displacement on surface 
nodes between the predicted bladder shapes computed using tetrahedral mesh and 
hexahedral meshes were also calculated.  



Voxel-based finite element bladder model  57 

 
Figure 4.5: The solid and dashed lines represent the delineated and predicted bladder surface, 
respectively. The points of delineated bladder located outside the predicted bladder surface are 
marked as circle, while the points of delineated bladder located inside the predicted bladder 
surface are marked as cross mark. The residual error is positive on points with a circle and 
negative on the points with a cross mark.  
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4.3 Results 
 
The four FE models generated on average 250, 000 nodes and 1, 400, 000 elements 
for tetrahedral mesh, 610, 000 nodes and 590, 000 elements for uniform hexahedral 
mesh,  730, 000 nodes and 700, 000 elements for non-uniform hexahedral mesh, and 
100, 000 nodes and 93, 000 elements for low-resolution non-uniform hexahedral 
mesh (table 4.2). In the region of hollow bladder wall, there are on average 5, 000 
nodes for tetrahedral mesh, 33, 000 nodes for non-uniform hexahedral mesh and 4, 
000 nodes for uniform and low-resolution non-uniform hexahedral mesh.  
 
Table 4.2: The mean number of nodes, number of elements, and simulation time for all three 
types of mesh. 

Mesh type Mean number 
of nodes 

Mean number 
of elements 

Mean simulation 
time  

Tetrahedron 200, 000 1, 150, 000 1.1 h 
Uniform hexahedron 610, 000 590, 000 2.3 h 
Non-uniform hexahedron 730, 000 700, 000 2.6 h 
Low-resolution             
non-uniform hexahedron 

100, 000 93, 000 3 min 

 
 
Constructing each FE model with tetrahedral mesh using the graphic user interface in 
Abaqus took on average 40 minutes for seven volunteers. This process included 
importing surface meshes of eight pelvic structures, doing Boolean operations 
between overlapped structures, assigning organ specific material properties, 
automatically generating tetrahedral meshes and applying pressure and boundary 
conditions. However, three out of ten models with tetrahedral mesh required user 
intervention to eliminate badly shaped elements. In these three models, part of these 
procedures would have to be repeated after manual adjustment of the edge of the 
segmentation image where badly shaped elements were located. Constructing the FE 
model with hexahedral mesh required less than 1 min.  
 
The mean simulation time of all four FE models with tetrahedral, uniform hexahedral, 
non-uniform hexahedral and low-resolution non-uniform hexahedral meshes was 1.1 
h, 2.3 h,  2.6 h and 3 min, respectively.  
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The numerical simulation results from the four types of meshes showed highly similar 
bladder deformation patterns (figure 4.6) and produced similar predicted bladder 
shape (figure 4.7). The deformed bladder contours in figure 4.6 computed using the 
tetrahedral meshes were smoother than those computed using the hexahedral meshes.  

 
 

 
                     (a)                                       (b)                                          (c)                                         (d) 
Figure 4.6: Simulation results of the deformed bladder wall of volunteer 2, with tetrahedral (a), 
uniform hexahedral, non-uniform hexahedral (c) and low-resolution non-uniform hexahedral (d) 
mesh. The inner bladder wall is the boundary of the FE model.  
 
 
 

           (a)                               (b)                               (c)                                (d)                                (e) 
Figure 4.7: (a) is the 3rd MR scan (reference) of the volunteer 4 in sagittal direction overlaid with 
the bladder contour (thin solid line). The bladder contour in (a) is used to build the FE model. (b) 
(c) (d) and (e) are the 7th MR scans of volunteer 4 in sagittal direction overlaid with contours of 
actual bladder and predicted bladder. The thin solid contour around the black regions is bladder 
delineation of 7th MR scan. The thick solid contours are the predicted bladder shapes computed 
by tetrahedral mesh (b) uniform hexahedral mesh (c) non-uniform hexahedral mesh (d) and low-
resolution non-uniform hexahedral mesh (e), respectively.  
 
 
 
The overlap index DSC and the SD of residual error between the predicted and actual 
bladder shape as a function of bladder volume change for a sampled volunteer 4 was 
plotted in figure 4.8. The DSC decreased and SD of residual error increased with 
increasing bladder volume change. For every MR scan, the predicted bladder shape 
computed using the tetrahedral mesh always had slightly higher volume overlap and 
lower residual error with the real bladder shape than those computed using the three 
types of hexahedral meshes (figure 4.8). In figure 4.8, the overlap index was not one 
and SD of residual error was not zero at zero volume difference. This was because of 
the smoothing effect and volume fitting error.  
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Figure 4.8: The DSC overlap index (a) and the SD of residual error (b) between predicted and 
actual bladder contours versus bladder volume change for volunteer 4. The triangular, circle, 
diamond and square icons indicate the results computed by tetrahedral mesh, uniform 
hexahedral mesh, non-uniform hexahedral mesh and low-resolution hexahedral mesh, 
respectively.  
 
 
Figure 4.9 and figure 4.10 summarize the mean DSC and mean SD of residual errors 
for each volunteer derived by the four models with different mesh types. Since the 
residual errors are a signed distance and the predicted bladder has the same volume as 
the real bladder, the mean residual errors for the four models were all almost 
zero(<0.01 cm). For all volunteers, the mean DSC and mean SD of residual error ( 
 
table 4.3) both showed that the predicted bladder shape computed by the three types 
of hexahedral mesh had just slightly lower conformity with the real bladder than those 
computed by the tetrahedral mesh (less than 1% reduction of mean DSC and less than 
0.02 cm increase of mean SD of residual error). There was no significant difference in 
the DSC and residual error between the predicted bladder shape computed using the 
three types of hexahedral meshes. The overlap between the bladder volumes 
reconstructed by the tetrahedral mesh and the three types of hexahedral meshes were 
0.961 (uniform hexahedral mesh), 0.959 (non-uniform hexahedral mesh) and 0.951 
(low-resolution non-uniform hexahedral mesh), respectively. The SD of displacement 
difference between the reconstructed bladder shape computed using the tetrahedral 
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mesh and the three types of hexahedral meshes were 0.154 cm (uniform hexahedral 
mesh) and 0.161 cm (non-uniform hexahedral mesh) and 0.212 cm (low-resolution 
non-uniform hexahedral mesh). 
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Figure 4.9: The mean DSC volume overlap index between predicted and actual bladder contours 
for ten volunteers.  
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Figure 4.10: The mean standard deviation of local residual error between predicted and actual 
bladder contours for ten volunteers.  
 
 
Table 4.3: Mean DSC and mean SD of local residual error over all volunteers by four bladder 
prediction models. 

Mesh type Mean DSC SD residual error (cm) 
Tetrahedron 0.872 0.366 
Uniform hexahedron 0.865 0.380 
Non-uniform hexahedron 0.866 0.377 
Low-resolution 
non-uniform hexahedron 

0.866 0.378 
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4.4 Discussion 
 
We have presented a voxel-based finite element bladder model, using all-hexahedral 
meshes that can be constructed directly from segmented medical images. The models 
that use a hexahedral mesh has comparable accuracy in bladder shape prediction as 
the standard model with tetrahedral mesh (overlap decreased <1% and SD of residual 
error increased < 0.02 cm). Using the low-resolution hexahedral mesh, the simulation 
time can be dramatically reduced without loosing prediction accuracy.    
 
We observe that the deformed bladder wall computed using the tetrahedral meshes is 
slightly smoother (figure 4.6) and slightly closer to the real bladder shape (figure 4.7) 
than those computed using the hexahedral meshes. This is primarily due to the extra 
simulation error and numerical instability introduced by the jagged cubic edges 
between the different structures. The results computed using the three types of 
hexahedral meshes are comparable. The larger ‘step’ edge effect in the low-resolution 
non-uniform hexahedral mesh does not yield a significant decrease in prediction 
accuracy. However, since the surfaces of human organs are supposed to be smooth, 
these edge effects can possibly be reduced by applying certain smoothing filters on 
the mesh surfaces [115]. Another reason for the lower accuracy in hexahedral meshes 
is that the thicker bladder wall and different organ shapes defined in the models with 
hexahedral meshes can affect the bladder deformation pattern and as a result also 
affect the prediction accuracy. To study the effect of thicker bladder wall, we did a 
limited analysis to test how the variation of bladder wall thickness affects the 
accuracy of the bladder model. For volunteer 4, besides the tetrahedral model with 3 
mm bladder wall, we built another two tetrahedral models with bladder wall thickness 
5 mm and 10 mm (figure 4.11 (a), (b) and (c)). We used three models with different 
bladder wall thickness to predict the bladder shape of the 7th MR scan of volunteer 4 
with about 250 ml bladder volume increase. The two models with thicker bladder wall 
in figure 4.11 (e) and (f) show very similar deformation patterns as the one with 3 mm 
bladder wall in figure 4.11 (d). The overlap between the predicted bladders 
reconstructed by the models with 3 mm bladder wall and other two models with 
thicker bladder wall is 0.989 (5 mm bladder wall) and 0.978 (10 mm bladder wall), 
respectively. In this particular case, the two models with thicker bladder wall even 
produced a little higher prediction accuracy than the model with 3 mm bladder wall 
(0.002 and 0.005 DSC increment for the models with 5 mm and 10 mm bladder wall). 
This suggests that the variation of bladder wall thickness has only little influence on 
the accuracy of bladder model, i.e. the shape of the deformed bladder is greatly 
determined by the surrounding organs. In addition, the material properties of some 
organs were previously obtained by optimizing on a subset of volunteers based on the 
tetrahedral mesh [108]. Therefore, these material properties are not the optimal values 
for hexahedral meshes. But the extra errors introduced by all of these effects are very 
limited (SD of residual error increment <0.02 cm). This extra residual error increment 
is negligible, compared with the mean SD of residual simulation error (0.37 cm). 
 



62   Chapter 4 

 
Figure 4.11:Comparison of bladder deformation simulation with three different bladder wall 
thickness. Tetrahedral FE models of volunteer 4 with three different bladder wall thickness 3 
mm (a), 5 mm (b) and 10 mm (c) are separately constructed. (d), (e) and (f) are the simulation 
results with same bladder volume from model (a), (b) and (c), respectively.  

   (a)                                         (b)                                         (c) 

  (d)                                       (e)                                        (f)

 
 
Compared to other volume mesh generation approaches, the voxel-based mesh is 
more robust for complicated structures. In most literatures about FE model for 
radiotherapy application [86;106-108], the contour delineation of each structure must 
first be converted into a binary segmentation image, then a triangular surface mesh, 
and eventually a tetrahedral volume mesh. In practice, decimation and smoothing of 
the surface mesh is applied to keep a reasonable number of volume mesh and to 
grossly simplify the model geometry. The surface smoothing usually can only 
preserve the shape of some structures with simple topology, e.g. prostate, bladder, 
lung, or breast. However, for more complex structures like the lung bronchial tree and 
fibro glandular breast tissue, because of the disconnectedness of the structure and 
delineation errors, the shape of these structures cannot be described by a single closed 
surface mesh. In contrast, the voxel-based method can fully translate any binary 
segmentation to FE model without geometrical limitations. Especially with the MR 
elastography technique [102;103], which is able to measure the material properties in 
vivo, assigning the measured material properties directly to each individual element 
instead of to the bulk of the structure could result in a more accurate simulation 
without requiring segmentation.  
 
The accuracy of the bladder model has a high correlation to the magnitude of the 
bladder volume as shown in figure 4.8. The maximum local residual error over all 
volunteers was 2.65 cm, as the bladder volume change reaches up to 500 ml. Such a 
large residual error is not clinically acceptable. Within 100 ml bladder volume 
difference, the maximum local residual error is always smaller than 1 cm. Pinkawa et 
al. [77] reported that the SD values of daily bladder volume are 124 ml with full 
bladder protocol and 56 ml with empty bladder protocol. The bladder volume increase 
during a 28 min treatment time is 42 ± 47 ml. Two possible clinical applications of FE 
based bladder model is to predict bladder filling during treatment and create multiple 
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plans with different bladder volume for an online ART with empty bladder protocol. 
In our study, the average bladder volume difference is 198.8 ml, which is larger than 
the intra- and inter-fractional bladder volume variations reported above. So, a higher 
accuracy could be achieved when used in clinical applications.  
 
The image data and tetrahedral models used in this paper are the same as that in the 
previous study [108]. However, the average value of DSC for tetrahedral mesh is 
lower than that in the previous work by 0.017. This is because in the previous study a 
smoothed bladder contour from the test image was used to calculate DSC overlap, 
while in the current study, a binary segmentation image without smoothing from the 
test image was used to calculate the DSC.  
 
The computation time of solving FE equations is highly dependent on the number of 
nodes and elements and also the size of physical memory. During simulation, 
Abaqus/Standard software creates two groups of temporary data. The first group of 
data must be stored in memory and the second group of data can be stored either in 
memory or on hard disk. In our study, the models with tetrahedral mesh and the first 
two types of hexahedral meshes all require the use of hard disks to store temporary 
data and also require long computation times. Using multiple CPU cores will not help 
speed up the computation as most of the computation time is spent on transferring 
data between memory and hard disk. For the model with low-resolution non-uniform 
mesh, the two groups of temporary data can both be stored in memory. Since 
accessing data in memory is much faster than accessing data on hard disk, the 
computation time of the model with low-resolution non-uniform mesh is dramatically 
reduced to 3 min. In general, using additional memory or faster hard disks (e.g. solid 
state drives) will often speed up the computation time more than using a faster or 
multiple-cores CPU.   
  
The limitations of the voxel-based mesh are such that it can create only solid elements 
but not shell or beam elements and that it cannot include sliding in simulations 
because of the jagged interface between organs. Applying smoothing filters on the 
mesh surfaces between different structures [115] might allow a simulation with 
sliding.  
 
The voxel-based FE model significantly simplifies the model construction process. By 
skipping the solid mesh generation process and using a non-uniform downsampling 
approach, a lot of user labor and simulation time can be saved in the FE modeling 
process. As the computational power of technology increases, the FE model will 
become more accessible in clinical applications.  
 
For whole bladder radiotherapy, the target is highly deformable between and during 
treatment fractions due to bladder filling. So, only translation correction in IGRT is 
usually not sufficient to compensate the deformable motion. Recently, various groups 
have developed online ART strategies for bladder cancer [22;23;55;58]. In these 
treatment strategies, multiple plans with different bladder volumes are created and 
subsequently, the smallest plan safely covering the bladder on the CBCT is selected as 
the plan of the day. Online ART can improve target coverage or reduce the amount of 
small bowel irradiated [22;23;55;58]. The multiple plans with different bladder 
volumes are created from the planning CT and extra images acquired before treatment 
or during early treatment. Using our method, we can easily build a FE model of the 
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pelvic region from one planning image, quickly simulate the deformation of the pelvic 
organ caused by bladder filling change, create multiple artificial CT images with 
different bladder volumes, and make multiple plans for the artificial CT images. This 
mechanical deformation simulation can greatly facilitate the practical implementation 
of adaptive radiotherapy procedures by saving extra CT scans.  The FE model can 
also be used to segment the bladder on images acquired during IGRT. 
 
Manual segmentation of pelvic structures is a time-consuming process, automatic or 
semi-automatic segmentation is always desired to reduce the manual workload. 
However, in practice for bladder cancer patients, the contours of bladder, body, and 
some organs at risk (small bowel and rectum), already exist for treatment planning. 
Bony structures can be simply segmented by applying a thresholding filter to planning 
CT. Only a little extra workload is therefore needed to obtain the extra segmentation 
of pelvic structures as inputs to the FE bladder model. 
 
 

4.5 Conclusion 
 
Voxel-based mesh generation allows fast, automatic, and robust creation of finite 
element bladder models directly from binary segmentation images without user 
intervention. Even the low-resolution voxel-based hexahedral meshes yield 
comparable accuracy in bladder shape prediction and more than 20 times faster in 
computational speed compared to the tetrahedral mesh. This approach makes it more 
feasible and accessible to apply FE method to model bladder deformation in adaptive 
radiotherapy. 
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Abstract 
 
Purpose: In multiple plan adaptive radiotherapy (ART) strategies of bladder cancer, a 
library of plans corresponding to different bladder volumes is created based on 
images acquired in early treatment sessions. Subsequently, the plan for the smallest 
PTV safely covering the bladder on cone-beam CT (CBCT) is selected as the plan of 
the day. The aim of this study is to develop an automatic bladder segmentation 
approach suitable for CBCT scans and test its ability to select the appropriate plan 
from the library of plans for such an ART procedure. 
 
Material and methods: Twenty-three bladder cancer patients with a planning CT and 
on average 11.6 CBCT scans were included in our study. For each patient, all CBCT 
scans were matched to the planning CT on bony anatomy. Bladder contours were 
manually delineated for each planning CT (for model building) and CBCT (for model 
building and validation). The automatic segmentation method consisted of two steps. 
A patient-specific bladder deformation model was built from the training data set of 
each patient (the planning CT and the first 5 CBCT scans). Then, the model was 
applied to automatically segment bladders in the validation data of the same patient 
(the remaining CBCT scans).  Principal component analysis (PCA) was applied to the 
training data to model patient-specific bladder deformation patterns. The number of 
PCA modes for each patient was chosen such that the bladder shapes in the training 
set could be represented by such number of PCA modes with less than 0.1 cm mean 
residual error. The automatic segmentation started from the bladder shape of a 
reference CBCT, which was adjusted by changing the weight of each PCA mode. As 
a result, the segmentation contour was deformed consistently with the training set to 
fit the bladder in the validation image. A cost function was defined by the absolute 
difference between the directional gradient field of reference CBCT sampled on the 
corresponding bladder contour and the directional gradient field of validation CBCT 
sampled on the segmentation contour candidate. The cost function measured the 
goodness of fit of the segmentation on the validation image and was minimized using 
a simplex optimizer. For each validation CBCT image, the segmentations were done 
five times using a different reference CBCT. The one with the lowest cost function 
was selected as the final bladder segmentation. Volume and distance based metrics 
and the accuracy of plan selection were evaluated to quantify the performance.  
 
Results: Two to four PCA modes were needed to represent the bladder shape 
variation with less than 0.1 cm average residual error for the training data of each 
patient. The automatically segmented bladders had a 78.5% mean conformity index 
with the manual delineations. The mean SD of the local residual error over all 
patients was 0.24 cm. The agreement of plan selection between automatic and 
manual bladder segmentations was 77.5%. 
 
Conclusion: PCA is an efficient method to describe patient-specific bladder 
deformation. The statistical shape based segmentation approach is robust to handle 
the relatively poor CBCT image quality and allows for fast and reliable automatic 
segmentation of the bladder on CBCT for selecting the appropriate plan from a library 
of plans.  
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5.1 Introduction  
 
Modern radiotherapy (RT) techniques allow for planning and delivery of complex 
dose distributions that increase the dose to target volumes with better sparing of 
normal tissue. However, anatomical changes in patients limit the benefits of these 
techniques. The bladder is an example of a target organ that significantly varies in 
size and position during the course of fractionated radiotherapy [15;18]. Large 
isotropic margins of 1.5 to 2 cm are routinely used around the entire bladder target to 
compensate for this geometrical uncertainty, although in some cases these margins 
will still be inadequate [18;54]. This large geometrical uncertainty of the bladder 
considerably limits the radiation dose and result in large amounts of normal tissue 
(small bowel and rectum) receiving the same dose as the target.  
 
Adaptive radiotherapy (ART) is becoming an important option for bladder cancer 
treatment as it enables a correction of deformation of the target by re-optimizing the 
plan during the course of the treatment [53]. Traditionally ART is an offline strategy, 
where after reviewing serial repeat scans, a new plan is made to correct the systematic 
errors [26;54].  
 
Recently, various groups have developed multiple plan ART strategies for bladder 
cancer [22;23;29;55-58]. In such treatment strategies, multiple plans with different 
bladder volumes are created offline based on images acquired before or early during 
treatment. Subsequently, the plan for the smallest PTV safely covering the bladder on 
CBCT is selected online as the plan of the day. All reported that the multiple plan 
ART improves coverage of the bladder CTV and/or reduces the amount of small 
bowel irradiated, compared to the offline adaptive plan or traditional planning 
[22;23;29;54-57].  
 
However, multiple plan ART is difficult to implement because complex decision 
making must take place at the treatment console immediately before treatment with 
the patient on the couch. In practice, after the daily CBCT scanning just before 
treatment, 95% isodose contours of multiple plans are overlaid on top of the CBCT 
images and the plan can be manually shifted to correct for deformation and 
displacement of bladder. Bladder coverage is visually assessed and the smallest PTV, 
in which the 95% isodose contour safely covers the bladder on CBCT, is selected as 
the plan of day. Given the poor soft-tissue contrast of CBCT, the border of the bladder 
on CBCT is, however, not always clearly visible. Therefore, plan selection is tedious 
in practice. Burridge et al. reported that the intra-subject and inter-subject agreement 
of plan selection are 73% and 70%, respectively [55]. Lalondrelle et al. found that 
different observers choose the same plan 76% of the time, and that the plan selection 
and assessment take on average 1.5 and 2.5 minutes, respectively [23].  One possible 
approach to improve plan selection consistency is a training program [116]. Foroudi 
et al. reported that after 11 hours of training, the agreement of plan selection increased 
from 72.7% to 87.9% [116]. 
 
To facilitate the clinical implementation of multiple plan ART of bladder cancer, 
automatic bladder segmentation on CBCT is therefore highly desired for making a 
faster and more accurate plan selection.  However, due to the artifacts, e.g. ring, 
cupping and streak artifacts, and poor soft-tissue contrast of CBCT, simple intensity 
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or gradient based segmentation methods, e.g. threshold, snakes or level-set 
segmentation, usually fail to segment the bladder on CBCT.  
 
Several groups developed deformable model based 3D bladder segmentation methods 
[117-119]. These methods all can simultaneously segment multiple male pelvic 
structures and yield good results on bladder segmentation on CT. However, these 
methods were developed for planning CT and their abilities on CBCT were not 
reported. Price et al. [120] proposed a semi-automatic method of bladder 
segmentation on CBCT that combines user defined support points on the visible 
bladder edge and a statistical bladder model to segment bladder on CBCT. Lu et al. 
[121] involved a statistical model and non-rigid registration to automatically segment 
bladder, prostate and rectum on CBCT. Both studies have small validation data set.  
 
In this paper, we developed a novel automatic bladder segmentation method using 
patient-specific bladder shape information and applied it to a large patient group. For 
each patient, a principal component analysis (PCA) based statistical model is built to 
estimate the patient-specific bladder shape variation from the planning CT and the 
first five CBCT scans acquired early during treatment. The same scans can be used to 
generate multiple plans in the ART protocol.  
 
The aim of this study is to present this automatic bladder segmentation approach and 
test its ability to select the appropriate plan from the library of plans for a multiple 
plan ART procedure. 
 
 

5.2 Materials 

5.2.1 Patients  
 
From October 2003 to July 2006, 43 bladder cancer patients were treated with 
radiotherapy under CBCT guidance at the Department of Radiation Oncology of the 
Netherlands Cancer Institute / Antoni van Leeuwenhoek Hospital. They all had T2 to 
T4 N0M0 muscle invasive bladder tumors. Only 23 (3 female, 20 male) of the 43 
patients were included in this study. The remaining 20 patients were excluded due to 
the following reasons: (1) lipiodol markers were injected into the bladder wall (9 
patients); (2) urinary catheter was inserted during treatment (1 patient); (3) less than 
six CBCT scans (2 patients); (4) image quality of CBCT scans is not good enough for 
manual bladder delineation (2 patients) and (5) CBCT data is missing due to technical 
reasons (6 patients).  
 
Fourteen out of the 23 included patients received partial bladder treatment with full 
bladder protocol and the remaining 9 patients received whole bladder treatment with 
empty bladder protocol.  For the full bladder protocol, patients were instructed to void, 
drink 250 ml of water, and refrain from urination at least 1.5 hours before simulation 
and treatment. For the empty bladder protocol, patients were instructed to empty their 
bladder before simulation and treatment.  
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The CBCT data used in this study were all acquired before 2007,  because a marker-
based guidance procedure was introduced later [81], which is incompatible with our 
proposed segmentation procedure. 
 
 

5.2.2 Image data and delineations 
Each patient received one planning CT scan and 7-20 (average 11.6) CBCT scans. 
The first 5 CBCT scans were acquired just before radiation delivery while the other 
CBCT scans were acquired before or both before and after radiation delivery on a 
CBCT-IGRT system (Elekta Synergy). The resolution of the CBCT scans are either 
256*256*256 or 400*400*120, with a voxel size of 1.0*1.0*1.0 mm3. The acquisition 
parameters of the projection images for CBCT scans were either 130 kV, 32 mA, 40 
ms per projection or 130 kV, 80 mA, 20 ms per projection. 256 projection images 
were acquired for each CBCT reconstruction.  
 
All CBCT scans were matched to the planning CT on bony anatomy. The bladder 
contours of all CT and CBCT scans were manually delineated slice-by-slice by two 
observers. For each patient, the bladder contours of the planning CT and the first five 
CBCT scans were used to construct a patient-specific statistical bladder model. The 
bladder contours of the rest of the CBCT scans were used to validate the segmentation 
algorithm.  
 
 

5.3 Methods 
 
Our method consists of two parts: an offline training process where a statistical 
bladder model was built to extract a patient-specific bladder deformation pattern from 
existing bladder contours in CBCT images acquired early during treatment and an 
online 3D bladder segmentation process in which this patient-specific bladder model 
was applied to segment the bladder on validation CBCT images.  
 
 

5.3.1 Training process 

5.3.1.1 Parameterization of bladder geometry  
 
For each patient, six bladder contours were included in the patient-specific training 
data set. The slice-by-slice delineated bladder contours were converted to a 3D 
surface mesh consisting of vertices and triangular connections. The 3D surface mesh 
was smoothed with three iterations to eliminate unnatural shape differences between 
different slices. This surface smoothing algorithm is a simple umbrella operator, in 
which each vertex is moved to the average position in space of all its neighboring 
vertices [122]. The volume shrinkage effect caused by smoothing is compensated 
afterwards by scaling to the same volume as the original one. 
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The six bladder contours were aligned after matching all five CBCT images with the 
planning CT based on bony anatomy (figure 5.1). A reference point was set at 3 cm 
cranial and 3 cm posterior the center of the pubis bone for male, and at 2 cm cranial 
and 3 cm posterior from the center of the pubis bone for female, since the female 
bladder is in a lower position than male bladder. The reference positioning is similar 
to the reference point defined by Lotz et al. [40]. For some patients with very small 
bladder volumes, this reference point was manually adjusted to ensure it was situated 
inside all six bladder contours of a particular patient and that the entire surface of each 
bladder could be “seen” from this point. As long as the reference point was located 
inside the contours, the segmentation was not sensitive to the location of the reference 
point. A uniform 3D sphere contour with 2091 evenly distributed vertices was created 
and centered on the defined reference point. The six bladder contours were then re-
sampled in 3D at the intersection of the 2091 radial lines passing through the 
reference point and bladder contours (figure 5.2). 2091 was an arbitrary number and 
the 2091 re-sampling lines in radial directions were considered to be dense enough to 
fully capture the feature points of bladder surface.  
 
 

 
Figure 5.1: The first five CBCT scans were aligned to the planning CT by bony registration and 
displayed in a sagittal direction. The surfaces of the six bladder contours were all re-sampled 
radial from a reference point. Vertices in different contours with same angle relative to reference 
point were considered as corresponding points for PCA modeling.    
 
 
After re-sampling, each bladder shape in the training data set was parameterized by a 

set of L (L = 2091) vertices.  If )(ijx  denoted the position of jth vertex (j=1,…,2091) 

in the ith bladder contour, then the ith bladder geometry in the training dataset could 
be represented by the shape vector  with dimensions 3L.. ip
      
The vertices from different bladder contours re-sampled by the same radial lines were 
considered as corresponding points in the PCA procedure, i.e., the series of 

CBCT1 Planning CT CBCT4 CBCT5CBCT2 CBCT3

Re-sampling bladder contours 



Bladder segmentation using patient-specific model 71 

corresponding positions )(,(1), Njj xx   (N = 6) provides point-tracking 

information on the six bladder contours. 
 
 

5.3.1.2 Statistical model of bladder shape change based on PCA 
 
It was assumed that the set of surface shape vector could be seen as samples 

from a random process. For anatomical reasons, displacements of L vertices due to 
bladder deformation were highly correlated, which implied that the dimensionality of 
the multivariate statistical problem was actually much smaller than 3L. For a 3L 
dimensional problem with N samples, we used a method from multivariate statistics, 
principal component analysis (PCA) [83;123], to model the anatomical bladder shape 
variation.  
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The bladder surface shape vectors were decomposed into eigenmodes. From the  

vectors, the mean shape vector was first computed: 
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and the variation of the shape was summarized in the covariance matrix C  with 
dimensions 3L*3L 
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The shapes of the deformed organ were next decomposed by a mean shape and a 
weighted sum of N eigenmodes: 
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where the vectors were the eigenvectors of matrix C , corresponding to the N  

eigenvalues 
nq

n . The coefficients n were normally distributed random variables with 

zero mean and variances n .  

 
Using only D (D < N) eigenmodes, we reconstructed a new shape vector  which 
was similar to the original shape vector .  

][Dp
p

                        , 



D

n
nn

D

1
0

][ qpp  1nq                                 (5.4) 

The capability of the chosen D eigenmodes to represent the bladder shape in the 
training set was measured by calculating the difference                                  ][De
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is the 3D vector of local representation error of jth vertex and ith contour.   
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where ][
,
D
jie  is the vector length of 3D vector . ][

,
D
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When D=N, (N=6), the original shape matrix can be fully reconstructed and the 
overall mean residual is 0.  ][DR

 
The idea now is that using a small number D, the N vector  can be approximately 

represented by  and few PCA modes, characterized by D vectors  and D 

scalars

ip

0p nq

n . The number of eigenmodes D for each patient was chosen such that the 

mean residual over six training contours was smaller than the voxel size (1 mm). 

The D eigenmodes were used to guide the segmentation of bladder on the online 
localization CBCT image. 

][DR

 
 

5.3.2 Bladder segmentation guided by statistical bladder model 
 
The bladder segmentation on online CBCT images was done based on the following 
two assumptions. First, the bladder shape variation observed in the first six scans was 
considered representative for all other treatment days. Second, the directional gradient 
field of the images from the training set sampled on the bladder vertices was assumed 
to be similar to the directional gradient field of the online localization image sampled 
on the bladder segmentation vertices.  
 
The inputs of the segmentation method includes the CBCT image to be segmented, 5 
CBCT images used in model building, 5 re-sampled 3D bladder contours 
corresponding to the five CBCT images, and several dominating PCA modes derived 
from the first 6 bladder contours.  
 
One of the 5 CBCT image was chosen as the reference CBCT image. In order to 
suppress noise, a 3D recursive Gaussian smoothing filter [124] with standard 
deviation 3 mm was applied to both reference and validation CBCT images (figure 
5.2). The re-sampled 3D bladder contour corresponding to the reference CBCT image 
was considered as the reference bladder contour . For the purpose of calculating 

directional gradients, extra interior and exterior bladder contours and were 

created by shrinking and expanding the vertices of reference bladder contour by 5 

mm along a direction normal to each vertex. The 3D contours , and all had L 

(L=2091) vertices and same triangular surface connections.  
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Figure 5.2: Example of pre-processing of CBCT images and contours (Patient 5). The original 
reference CBCT image (a) and online CBCT image (b). After applying a Gaussian smoothing 
filter, (a) and (b) were converted to (c) and (d), respectively. In (e), the reference bladder contour 
with extra interior and exterior layers was overlaid on (c). The reference bladder contour was 
used as the initial segmentation and then deformed to fit the edge of bladder on online CBCT. In 
(f), the segmented bladder with extra interior and exterior layers was overlaid on (d). 
 
 
The bladder segmentation contour on the validation image started from the 

reference bladder contour , where . When changing the shape 

parameters vector , which contains the weights of the principal PCA modes 

, , the initial bladder contour would deform according to the 

deformation pattern calculated from the training dataset. 
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Similarly, interior contour candidate  and exterior contour 

candidate were also created by shrinking and expanding the vertices of contour 

candidate  by 5 mm along a direction normal to each vertex. 
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A cost function E was defined to measure how well the deformed bladder surface 
matched the underlying bladder edge on the validation image, based the absolute 
difference between the directional gradient of the reference CBCT sampled on its 
corresponding bladder contour and the directional gradient of the validation CBCT 
sampled on the segmentation contour candidate. The cost function was evaluated on 
the interior, central and exterior contours to capture information of the neighborhood 
of the bladder edge 
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where  and  notate the intensity of the reference image and validation 

image sampled by the vertex of contour c . and 

 are the interior and exterior directional gradient values on the jth 

vertex of the reference bladder contour.  and 

 are the interior and exterior directional gradients on the  

jth vertex of the segmentation contour.  
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The problem with identifying bladder boundaries was to find the optimum shape 
parameter vector *P  that best represents the bladder surface in a validation image.  

]1.3,1.3[)|min(arg*
iiiE  PPP                            (5.9) 

i  is the square root of the eigen value i . The search for the optimum shape 

parameter vector *P  was carried out by a simplex optimizer within the interval [-3.1σ, 
3.1σ] to minimize the cost function of E. 3.1σ is sufficient to cover 95% confidence 
interval up to 4 dimensional variates [125]. 
 
For each online CBCT image, the segmentations were done five times using a 
different reference CBCT image from the training dataset. The one with the lowest 
cost function was selected as the final bladder segmentation. 
 

5.3.3 Validation 
 
To evaluate the performance of the automatic bladder segmentation, we calculated the 
volume and distance based errors and accuracy of plan selection from library of plans 
using automatic bladder segmentation.  
 
For the purpose of comparison, we used the conformity index (CI) to measure the 
volume overlap between the automatic and manual segmented bladders. For two 
regions R1 and R2, the CI was defined as the ratio of the volume of intersection to 
volume of union between R1 and R2  
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The signed local residual error was defined by computing the distance of the position 
in manually delineated bladder surface to the triangles in automatic segmented 
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bladder surface. The residual was positive when the point from the manually 
delineated bladder surface was located outside the automatically segmented bladder 
and negative when the point from the manually delineated bladder surface was located 
inside the automatically segmented bladder. Note that the manual delineated bladder 
used for volume and distance based metrics calculation is the smoothed bladder 
delineation described before. 
 
Besides the volume and distance based conformity test, the accuracy of plan selection 
using automatic segmentation was also calculated. Since the bladder shape is highly 
correlated with the bladder volume, for each patient, three plans with different PTV 
volume were created from the CTVs (bladder) in the first six scans, according to the 
protocol proposed by Foroudi et al. [54].  The small PTV was the smallest bladder of 
the six bladders with additional 5 mm uniform margin. The large PTV was the 
Boolean addition of all the six bladders with additional 5 mm uniform margin. In 
literature [54], the medium PTV was visually determined for each axial slice, from the 
largest and smallest bladders, using a ruler tool as a guide. However, in our study, for 
the sake of simplicity and reproducibility, instead of the visually determined contour 
the medium PTV was defined by the Boolean addition of the smallest F bladders out 
of the six bladders with additional 5 mm uniform margin. F was chosen such that the 
Fth smallest bladder has the closest volume to the median volume of the largest and 
smallest bladders. 
 
To study the segmentation accuracy needed for plan selection, we measured the 
variations between different sizes of PTV, i.e. the mean surface distance between 
small PTV to medium PTV, medium PTV to large PTV, and small PTV to large PTV. 
These variations between different sizes of PTV were compared with the 
segmentation errors. 
 
For each validation CBCT scan, the best available plan from the library of plans was 
selected as the plan of the day from the three plans such that the plan for the smallest 
PTV could safely cover more than 99% of the bladder volume. We separately used 
the manually delineated and automatically segmented bladders to select the best 
available plan. There were four possible cases: either the plan for small, medium or 
large size PTV was selected or none of the three plans was sufficient to cover 99% of 
the bladder volume. We considered the plan selected using the manually delineated 
bladder as the reference. The agreement between the PTV size of the plan selected by 
the automatically segmented bladders and reference was recorded.  
 
 

5.4 Results 
The numbers of eigenmodes needed to represent the training data with less than 1 mm 
average residual errors are illustrated in figure 5.3. In general, two to four eigenmodes 
were needed for the 23 patients and this numbers of eigenmodes was used in the 
bladder segmentation procedure. Figure 5.4 visualizes the first three dominating 
eigenmodes of Patient 5. In the first eigenmodes, the bladder deformation is highly 
associated with bladder volume change. The second and third eigenmodes model 
translation and rotation of the bladder.  
 



76   Chapter 5 

Figure 5.5 shows an example of five segmentation candidates, a final bladder 
segmentation, a manually delineated bladder, and three different PTVs from a library 
of plans. The averaged absolute residual error distribution over all 152 bladder 
segmentations illustrates a higher segmentation residual error in the cranial and 
posterior parts of the bladder (figure 5.6).  
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Figure 5.3: The number of eigenvectors needed to represent the bladder shapes of the training 
data with lees than 0.1 cm mean absolute residual error for the 23 patients.  
 
 
 
 
 

 
Figure 5.4: Illustration of the first three dominating eigenmodes of bladder shape variation of 
patient 5. The central column gives a 3D views of the mean bladder shape of the training data set, 
whereas the left and right columns give minus and plus 3.1 times the bladder shape variance 
relative to the mean shape. The white surface around the bladder is the pelvic bone. 
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Figure 5.5 (a): Five bladder segmentations (yellow thin solid curves) using different references 
were overlaid on a sagittal section of a validation CBCT image of Patient 6. The one with lowest 
cost function (green thick solid curve) was chosen as the final segmentation contour. (b): 
Comparison of the automatically segmented bladder contour (green thick solid curve) and 
manually delineated bladder contour (red dotted line) (c): Small, medium and large PTVs (white 
thin white curves) from the library of plans. In this example, the plan for the small PTV was 
selected as the plan of the day, since it was the smallest PTV safely covering more than 99% 
bladder volume.  
 
 
 

 

 
Figure 5.6: Visualization of the global average residual error distribution over all 152 bladder 
segmentations.  
 
 
The median, 10th percentile and 90th percentile of CI and SD of signed local residual 
error between manually delineated and automatically segmented bladders for each 
patient are plotted in figure 5.7 and figure 5.8. The global mean CI overlap indices 
and SD of signed local residual error over all 152 bladder segmentations from 23 
patients are 78.5%, and 0.244 cm, respectively.  
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Figure 5.7: The median (solid square), and 10th percentile and 90th percentile (error bars) of the 
CI overlap between manually delineated bladder and automatically segmented bladder for 23 
patients.  
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Figure 5.8: The median (solid square), and 10th and 90th percentile (error bars) of the standard 
deviation of signed local residual error between manually delineated bladder and automatically 
segmented bladder for 23 patients.  
 
 
The mean and SD of the volume difference of automatic and manual bladder 
segmentation are -9.8 ml and 37.7 ml. Since the volume difference is so small, the 
mean signed residual errors over all 23 patients is almost zero (<0.03 cm).  
 
The mean volume of the 14 patients with full bladder drinking protocol is 245.0 ml 
(range from 93.6 ml to 987.8 ml), while the mean bladder volume of the 9 patients 
with empty bladder protocol is 115.5 ml (range from 22.7 ml to 193.4 ml). We did not 
find a significant difference in distance based residual errors between full and empty 
bladders: mean residual error 0.247 cm for full bladder and mean residual error 0.242 
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cm for empty bladder (p>0.5, paired t-test). Since overlap index is very sensitive to 
bladder volume, the CI overlap index for full bladder is significantly higher than that 
for empty bladder (p<0.01, paired t-test). The mean CI overlap indices for full and 
empty bladder are 80.3% and 75.2%, respectively.  
 
The number of plans for small PTV, medium PTV and large PTV chosen by manually 
delineated bladder for each patient is plotted in figure 5.9. Pooling all patients 
together, the plans with small, medium and large PTV were selected in 39.5%, 34.9% 
and 17.8% of the cases, respectively. In the remaining 7.9% of cases, none of the 
three plans was sufficient to fully cover the target.  
 
The mean surface distances between the small and medium PTVs, medium and large 
PTVs and small and large PTVs are 0.339 cm, 0.317 cm and 0.607 cm, respectively.  
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Figure 5.9: Plan selection frequencies (the times of the plans with small, medium and large PTV 
were selected and the times of none of the PTVs was sufficient to cover the target) for each 
patient chosen by manually delineated bladder. 
 
 
 
The agreement between the selections made by automatic and manual bladder 
segmentations is 77.6% (figure 5.10). In 15.8% of the cases, the plan selected by 
automatic segmentation is one size larger or smaller than the plan selected by manual 
segmentation. In 6.6% of the cases, the plan selected by automatic segmentation is 
two sizes larger or smaller than the plan selected by manual segmentation. 
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Figure 5.10: Histogram of the difference between the plans selected by manual and automatic 
bladder segmentation. The zero position in on the horizontal axis is where plans selected by 
manual and automatic segmentations correspond. The other non-zero numbers in x axis indicate 
difference of plan size selected by manual and automatic segmentations, e.g. when a plan for the 
large  PTV was selected by manual segmentation, while a plan for the medium PTV was selected 
by automatic segmentation, the difference of plan selection was -1. 
 
 
 
The total automatic segmentation and plan selection time for each CBCT image is less 
than 30 seconds on a personal computer equipped with Intel Core 2 Duo CPU of 3.0 
GHz and 4 GB of RAM. 
 
 

5.5 Discussion  
 
We have presented a novel method of bladder segmentation based on patient-specific 
information and tested it on a large amount of CBCT images. Using individual 
bladder deformation patterns acquired early during treatment, this method is robust to 
handle the relatively poor image quality of CBCT and can produce reliable bladder 
segmentation in a short time. This segmentation method can achieve an accuracy of 
78.5% mean CI overlap between manually and automatically segmented bladder, 
which is similar to the inter-observer variability of bladder delineation on CBCT 
reported in literatures, which are 75.0% CI overlap from Foroudi et al. [126] and 82% 
from Lutgendorf-Caucig et al. [127].  
 
One assumption of this segmentation method is that in bladder motion, each voxel on 
the bladder wall always moves along the radial direction, hence, when there is bladder 
volume difference between the reference and validation images, the gradient value of 
a bladder contour vertex of the reference image is the same as the gradient value of 
the corresponding bladder contour vertex of the validation image. However, this 
correspondence defined along the radial direction is not necessarily anatomically true, 
especially when a large deformation or shifting occurs. Sometimes, even though the 
correspondence is anatomically right, the gradient values on the corresponding 
vertices between the reference and validation images could be largely different due to 
image artifacts. So, when there is a large difference of bladder volume between the 
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reference and validation images or a strong artifact in the reference image, the 
segmentation has a higher chance of failure. To deal with these problems, we used 
five separate CBCT images and its bladder contour as reference images and initial 
segmentations to segment the bladder on validation image. The segmentation with 
lowest cost function was selected as the final result. When the reference image has 
similar bladder volume as the validation image, it is more likely that the 
correspondence is anatomically true and validation image has same artifact as the 
reference image. Usually the reference image with the closest bladder volume to the 
validation image yielded the lowest cost function. This multiple reference strategy 
efficiently avoids segmentation failure caused by under-defined correspondence, 
image artifacts and local minima.  
 
The other assumption of this segmentation method is that the PCA modes of bladder 
shape variation calculated from the first six scans are representative of other treatment 
days, whereas the CBCT images acquired in later stage of treatment could show 
different bladder shapes than the first six scans. The difference in bladder shape could 
be caused by differences in rectal and small bowel filling that were not present during 
the early stage. We believe this is the reason why the cranial-anterior region and 
posterior region, which are close to small bowel and rectum, have larger residual 
segmentation error than other regions (figure 5.6). In 12 out of 152 validation CBCT 
images, the automatic bladder segmentation has low similarity with the manual 
delineation (CI overlap < 65%). These 12 failed cased were from 4 patients, which 
partially explains the large variation of the error bars in figure 5.7. In these 12 failed 
cases, we found that due to extreme rectum and bladder fillings, the real bladder 
shapes deviate largely from the first six bladders. This is a limitation of any method 
based on a patient-specific model. In practice, a visual check of the quality of 
segmentation will therefore always be part of the procedure. When a failed 
segmentation is found, for instance the largest plan can be selected. To improve the 
patient-specific model, we did some extra analysis, that when segmentation was 
performed to each online CBCT, all the available previous CBCT scans were included 
to update the training model. Such model including every successive CBCT improved 
the average CI overlap to 80.8%. However, this model requires considerable amount 
of extra labor and is therefore unlikely to be implemented in practice. To avoid the 
limitation of the patient-specific model, we are currently investigating the bladder 
segmentation method only using a population based PCA model and planning CT 
image as input. The preliminary results show that the average CI overlap of automatic 
bladder segmentation using a population based model is 70.5%. The main reason why 
population based models yield worse segmentation results than patient-specific 
models is that non-global optimized cost functions were often found due to the low 
similarity between bladder borders on planning CT and online CBCT.  
 
All the bladder contours were delineated slice-by-slice and then connected to a 3D 
surface mesh. A simple smoothing filter was applied to remove the spikes between 
different slices. A problem of such linear smoothing filter was that a scaling was 
required to compensate the volume shrinkage caused by the smoothing filter and this 
compensation could result in some shape distortion. We measured that the mean 
absolute surface distance between original and smoothed contours was 0.4 mm, i.e. 
the shape distortion caused by smoothing was very limited. Taubin [128] developed a 
smoothing filter that using two diffusion steps, one inwards and one outwards to 



82   Chapter 5 

attenuate details while keeping the surface in roughly the same position. This is a 
possible way to reduce the shape distortion resulted by the smoothing in current study.  
 
In the segmentation process, a 3D Gaussian smoothing filter with SD of 3 mm was 
applied to both the reference and validation images. The size of the smoothing filter 
was chosen by a parameter optimization test. When the segmentation method was 
performed on the CBCT image with Gaussian smoothing filter with SD of 0 mm, 1 
mm, 2 mm, 3 mm, 4 mm and 5 mm, the overall mean CI overlap was 69.2%, 74.9% , 
77.9%, 78.5% ,77.6% and 75.5%, respectively. This data shows that the size of the 
filter only had a small effect on the segmentation results. In this study, 3 mm was 
chosen as this yielded the highest CI overlap.  
 
We calculated the summation of absolute interior and exterior directional gradients as 
the cost function in equation (5.8). The distance between the interior, central and 
exterior bladder contours to calculate the directional gradients is related to the size of 
smoothing filter. For the Gaussian smoothing filter with SD of 3 mm, a parameter 
testing shows that 5 mm distance to calculate the interior and exterior directional 
gradients relative to the central bladder contour gave the best results. Only using two 
layers, the interior and exterior contours, to compute the gradient field would be a 
simper expression of the cost function. The latter achieves an average CI of 78.2%, 
which is slightly lower than that of using the cost function with three layers. However, 
using more than three layers did not improve the results.  
 
Several groups reported that the multiple plan adaptive strategies can better spare the 
organs at risk than traditional radiotherapy [22;23;29;55-58], and our study has the 
consistent finding as these groups. The mean bladder volume, i.e. CTV volume, of the 
152 CBCT used in our study is 211.1 ml. The traditional plan with 15 mm margin can 
safely cover the target (>99% volume coverage) in 88.8% cases, and the mean PTV 
volume is 619 ml. The multiple plan strategy safely covers the target in 92.1% cases 
with a mean PTV volume of only 316 ml. With online plan re-optimization, the PTV 
could be generated by the online segmented bladder plus a small margin. The online 
re-optimization strategy using the bladder segmentation plus a 5 mm margin as PTV 
can safely cover the target in 83.6% cases using a mean PTV of 283.6 ml. This 
comparison between the three strategies shows that the multiple plan strategy 
dramatically reduces radiation volume, however the additional benefit of plan re-
optimization is very limited.  
 
Two out of 43 patients were not selected in our study because of poor image quality 
of CBCT for manual delineation. The CBCT images of those 2 patients were mostly 
acquired very early (2004) when CBCT was just introduced for radiotherapy guidance. 
As CBCT imaging techniques have been developed, especially after the introduction 
of a bow-tie filter, the image quality of CBCT has improved. So, we believe our 
segmentation method will work better with recent CBCT systems.  
 
From 2006, most patients in our department received a lipodol (liquid marker) 
injection on bladder wall via cystoscopy before planning, which was used for both 
tumor demarcation and image guidance [81;129]. However, the patients with lipiodol 
markers were excluded from our study. That is because the part of the bladder wall 
with markers has much higher gradient values than other parts, hence it dominates the 
cost function. When the markers do not move along the radial direction, it is very 
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likely to result in a wrong segmentation. In other words, the image data with lipiodol 
on bladder wall is not compatible with the current algorithm.  
 
ART has emerged as an alternative to conventional RT. The multiple plan ART of 
bladder cancer is currently considered as the best way to achieve an optimal trade-off 
between tumor coverage and sparing of the surrounding normal tissues. However, 
multiple plan ART significantly increases the treatment time and technicians’ 
workload. Our method can  currently automatically segment bladder within 30 
seconds, which is much faster than a manual plan selection (1.5 min) [23]. The 
convolution operation of Gaussian smoothing on five reference images requires 60% 
of computation time. This computation time can easily be reduced by optimizing the 
code, using parallel computing, or by simply pre-computing the data. 
 
The agreement between selections made by manually delineated and automatically 
segmented bladders is 77.6%, which is slightly better than the reported agreement 
between different observers (range from 70%  to 77% [23;55;116]). We may therefore 
conclude that our automatic segmentation provides a fast and robust plan selection 
tool that facilitates clinical implementation of multiple plan ART of bladder cancer.  
 
In literature, there were various protocols used to generate multiple plans with 
different PTV volume. However, because of the intra-fractional bladder motion, the 
plan selection volume is always smaller than the real PTV [22;23;29;55;56;58]. 
Vestergaard et al. [22] and Foroudi et al. [58] used a region 3 mm smaller than PTV 
and 95% isodose line to select the plan of the day.  In our study, the generated three 
PTV contours only take into account the inter-fractional bladder motion. According to 
our intra-fractional bladder filling study, in practice we recommend an extra 4 mm 
margin for empty bladder and 3 mm for full bladder to compensate for the 8 minutes’ 
intra-fractional motion. Note that the size of the margin is highly correlated to 
treatment time. Fast radiation delivery techniques like VMAT can significantly reduce 
the treatment time and therefore reduce the intra-fractional safety margin. 
 
 

5.6 Conclusion  
 
PCA is an efficient method to describe patient-specific bladder deformation. The 
statistical shape based segmentation approach is robust to handle the relatively poor 
CBCT image quality and allows for fast and reliable automatic segmentation of the 
bladder on CBCT. This automatic segmentation can be used to select the appropriate 
plan from a library of plans for a multiple plan ART of bladder cancer.  However, 
manual delineation of the first five CBCT is required, which is time consuming. 
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Abstract: 
 
Purpose: The aim of this study is to develop a novel semiautomatic bladder 
segmentation approach for selecting the appropriate plan from the library of plans for 
a multiple plan adaptive radiotherapy (ART) procedure.  
 
Materials and Methods: A population based statistical bladder model was first built 
from the training data set (95 bladder contours from 8 patients). This model was then 
used as constraint to segment bladder in an independent validation data set (233 
CBCT scans from the remaining 22 patients). All 3D bladder contours were 
converted into parametric surface representations using spherical harmonic 
expansion. Principal component analysis (PCA) was applied in the spherical 
harmonic based shape parameter space to calculate the major variation of bladder 
shapes. The number of dominating PCA modes was chosen such that 95% of the 
total shape variation of the training data set was described. The automatic 
segmentation started from bladder contour of the planning CT of each patient, which 
was modified by changing the weight of each PCA mode. As a result, the 
segmentation contour was deformed consistently with the training set to best fit the 
bladder boundary in the localization CBCT image. A cost function was defined to 
measure the goodness of fit of the segmentation on the localization CBCT image. 
The segmentation was obtained by minimizing this cost function using a simplex 
optimizer. After automatic segmentation, a fast manual correction method was 
provided to correct those bladders (parts) that were poorly segmented. Volume and 
distance based metric and the accuracy of plan selection from multiple plans were 
evaluated to quantify the performance of the automatic and semiautomatic 
segmentation methods.  
 
Results: For the training data set, only 7 PCA modes were needed to represent 95% 
of the bladder shape variation.  The mean CI overlap and residual error (SD) of 
automatic bladder segmentation over all of the validation data is 70.5% and 0.39 cm, 
respectively. The agreement of plan selection between automatic bladder 
segmentation and manually delineation was 56.7%. The automatic segmentation and 
visual assessment took on average 7.8 seconds(s) and 9.7 s, respectively. In 53.4% 
of the cases, manual correction was performed after automatic segmentation. The 
manual correction improved the mean CI overlap, mean residual error, and plan 
selection agreement to 77.7%, 0.30 cm and 80.7%, respectively. Manual correction 
required on average 8.4 markers and took on average 35.5 seconds.  
 
Conclusion: The statistical shape based segmentation approach allows automatic 
segmentation of bladder on CBCT with moderate accuracy. Limited user intervention 
can quickly and reliably improve the bladder contours. This segmentation method is 
suitable to select the appropriate plan for a multiple plan ART of bladder cancer.  
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6.1 Introduction 
 
One of the major factors limiting the precision of the radiotherapy for bladder cancer 
is organ motion. The inter- and intra- fractional movement of the bladder wall can be 
as much as 3 cm due to changes in volume of bladder and adjacent organs [15;18]. 
Various groups have developed multiple plan adaptive radiotherapy (ART) strategies 
for bladder cancer, which enable to correct the position and deformation of the target 
[22;23;29;55;56;130]. In these treatment strategies, multiple plans with different 
bladder volumes are created offline based on multiple planning CT or CBCT images 
acquired early on during or before treatment. Subsequently, the smallest plan safely 
covering the bladder on CBCT is then selected online as the plan of the day. All of 
these groups have reported that compared to the offline adaptive plan or traditional 
planning, the multiple plan ART improves coverage of the bladder CTV and reduces 
the amount of small bowel irradiated, potentially reducing side effects [22;23;29;54-
56].  
 
However, two key hurdles prevent the widespread implementation of the multiple 
plan ART strategy. First, extra bladder delineation on CT or CBCT images for 
multiple plans generation is quite labor intensive. The published multiple plan ART 
strategies require two to five extra bladder contours to generate the library of plans, 
which significantly increases technician’s workload. The second hurdle is that online 
manual plan selection at the treatment console immediately before treatment is not an 
easy judgment in practice due to the complexity of patient anatomy and the low soft 
tissue contrast of CBCT. 
 
To facilitate the more widespread clinical implementation of multiple plan ART of 
bladder cancer, an automatic bladder segmentation approach for robust plan selection 
was previously developed in our group [131]. In that method, a statistical bladder 
model was built for each patient to describe the patient-specific bladder shape 
variation and this patient-specific model was then used to segment the bladder on 
localization CBCT images. That statistical shape based segmentation approach was 
robust enough to handle the relatively poor CBCT image quality and allowed for fast 
and reliable automatic segmentation of bladder on CBCT.  
 
A drawback of our previous segmentation method is that it can only work after 
collecting the first five CBCT images for each patient. It requires manual delineation 
of five bladder contours and hence is not applicable for multiple plan ART strategies 
that start from the first treatment day [23;29;55;56]. Moreover, the patient-specific 
model based on the first six images cannot guarantee a good representation of all 
other treatment days. Our previously developed segmentation approach fails in 8% of 
the cases. Hence, after automatic segmentation, a visual assessment of the 
segmentation result is necessary and a quick manual correction may be needed to edit 
the segmented bladder. 
 
In the present study, we have developed a novel bladder segmentation method using a 
population based bladder shape model, combined with quick manual correction. 
Contrary to the previous method [131], the new method in this paper use single 
generic model for all segmentation instead of having to build patient-specific model 
for each patient. This method consisted of offline model-building and online 
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segmentation steps. After the automatic segmentation, a limited user intervention was 
added in the new method to correct the poorly segmented bladder. 
 
The aim of this study is to present a more viable semiautomatic segmentation method 
and study its ability for selecting the appropriate plan from the library of plans for a 
multiple plan ART procedure.  
 
 

6.2 Materials 

6.2.1 Patient and image data 
 
From July 2007 to March 2008, 8 male bladder cancer patients with lipiodol markers 
were treated at the Department of Radiation Oncology of Academic Medical Center, 
University of Amsterdam. All 8 patients received partial bladder treatment with full 
bladder drinking protocol. Each patient received one planning CT scan and 8-13 
(average 10.9) follow up CT and CBCT scans. The bladder contours of all the 95 CT 
and CBCT scans from these 8 male patients were manually delineated by one 
observer. These 95 bladder contours were included in the training data set to build a 
population based statistical bladder model.  
 
The data used for bladder segmentation is same as the data in previous study [131]. 
The data is also acquired at the Department of Radiation Oncology of the Netherlands 
Cancer Institute-Antoni van Leeuwenhoek Hospital from October 2003 to July 2006, 
but only the data of male patients was selected. Twenty-two male patients with one 
planning CT and 5-19 (average 10.6) CBCT scans were included into the validation 
data set of this study. Fourteen out of the 22 included patients received partial bladder 
treatment with full bladder drinking protocol and the remaining 8 patients received 
whole bladder treatment with empty bladder drinking protocol. The bladder contours 
of planning CT were used as the input for the segmentation method. The bladder 
contours of all 233 CBCT scans were used to validate the bladder segmentation 
algorithm.  
 
All slice-by-slice delineated bladder contours from both training and validation data 
sets were converted to 3D surface meshes consisting of vertices and triangular 
connections. The 3D surface mesh was smoothed with three iterations using a simple 
umbrella operator [122] to eliminate unnatural shape differences between different 
slices.  
 

6.3 Methods 
 
The proposed segmentation method consists of major components, i.e., offline 
statistical shape model building and online bladder segmentation. A population based 
statistical bladder shape was calculated from a spherical harmonics description of a 
large set of training bladder samples from CT or CBCT images. Bladder segmentation 
was then performed on localization CBCT images, which were independent from the 
training data.  
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Compared with the previous segmentation method, the proposed method only 
required a generic bladder model that is built once instead of having to build a patient-
specific bladder model for each patient. The proposed method also includes a fast 
manual segmentation correction, which does not exist in the previous method.  
 

6.3.1 Generic bladder model 

6.3.1.1 Principal of spherical harmonic expansion 
 
We chose to use the coefficients from the Laplace series harmonic expansion of 
delineation as the shape descriptors presented by Brechhuler et al. [132]. The Laplace 
series is a generalized Fourier series in spherical coordinates. It expands any spherical 
surface function  as the sum of spherical harmonics basis 
functions over the unit sphere: 
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The coefficients m
l  are obtained by solving a least-squares problem [133].  

 

6.3.1.2 Spherical harmonic expansion of bladder contours 
 
We chose the planning CT of the first patient in the training data set as the reference. 
All other CT and CBCT scans from the training data set were first registered to the 
reference scan using the pelvic bone using both translations and rotations without 
scaling. Subsequently, the registration was done again using just pubis bone with only 
translation. After both registrations were complete, all of the bladder contours were 
aligned by pubis bone (figure 6.1). We manually found a reference point (red star in 
figure 6.1), which was situated inside all bladder contours and the entire surface of 
each bladder could be “seen” from this point. The reference point is 2.65 cm above 
and 2.62 cm behind the center of pubis bone (yellow star in figure 6.1). A uniform 
sphere contour with L=2091 evenly distributed vertices was created (green circle in 
figure 6.1) and centered on the defined reference point. The N (N=95) bladder 
contours in the training data set were then re-sampled at the intersection of radial lines 
passing through the reference point and bladder contours.  



90   Chapter 6 

 
Figure 6.1: (a) 95 bladder contours from 8 patients used to construct bladder model, overlaid on 
the reference planning CT. Each color indicates the contours of one patient. A reference point 
(red star) is located inside all of the contours and a yellow star is in the center of pubis bone.  (b) 
The 95 bladder contours are re-sampled in radial direction from the reference point.  
 
 
After the re-sampling over a unit sphere, the original surface shape vector was 
represented by a sphere surface function . We applied the 
spherical harmonic expansion to all bladder sphere surfaces  

(N=95). The shape description coefficients vector 
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spherical harmonic coefficient )(i  up to degree K 
. The degree of 

harmonics determines the upper limit of spatial variation that can be modeled, i.e., the 
higher degree used, the higher level of detail of bladder surface can be represented. 
We computed the spherical harmonic expansion for all bladder sphere surfaces using 
degree K from 1 up to 17.  
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Using K degree harmonics, a new bladder surface was reconstructed by 
computing the inversed spherical harmonic transformation (ISHT) using coefficients 
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  as input: 
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The residual error of spherical harmonic expansion with degree K to represent the 
bladder shape was measured by calculating the difference  ][Ke
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The degree K was chosen such that the mean residual error ][KR  over all bladder 

surface representations was smaller than 1 mm.  
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6.3.1.3 PCA based statistical bladder model 
 
Using the spherical harmonic expansion, the Cartesian coordinate information of 2091 
vertices in each re-sampled bladder contour can be represented by a shape parameter 
vector )(i  with 3*  coefficients. Given the N (N=95) aligned bladder surfaces 

in the training data set, the shape parameter vector 

2)1( K

  Nii ...,2,1)(   could be seen as 

samples from a random process and N shape parameter vectors )(i  correlated to 
each other. Hence, the dimensionality of the shape parameter vector can be further 
reduced by computing the major modes of shape variation through principal 
component analysis (PCA) [83;134].  
 
The shapes of the deformed organ were decomposed by a mean shape and a weighted 
sum of N eigenmodes: 
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where 0 was the mean shape parameter vector, and vectors were the eigenvectors 

of covariance matrix of input data 
nq

 , corresponding to the N eigenvalues n . The 

coefficients n were normally distributed random variables with zero means and 

corresponding eigenvalues n  as variances.  

 
The dominating eigenmodes, i.e., the eigenmodes with largest eigenvalues, 
represented the major bladder deformation patterns. The eigenvalues were normalized 
by dividing each eigenvalue by the sum of all eigenvalues: 
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The sum of all N (N = 95) eigenvalues was considered as 100% of the bladder shape 
variation. The number of eigenmodes D was chosen such that 95% of the bladder 
shape variation was described. The D eigenmodes were used to guide the bladder 
segmentation on localization CBCT scans. 
 
 

6.3.2 Bladder segmentation guided by statistical bladder model 

6.3.2.1 Automatic bladder segmentation 
 
The bladder segmentation on localization CBCT used the following two assumptions. 
First, that the dominating PCA modes of bladder shape variation calculated from the 
training data set were representative of the bladder shape variation in the validation 
data set. Second, that the directional gradient field of the planning CT sampled by its 
bladder vertices was correlated with the directional gradient field of the localization 
CBCT sampled by the corresponding bladder vertices.  
 
The inputs of the segmentation method includes the reference CT from the training set, 
several dominating PCA modes, a localization CBCT, and the planning CT with its 
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bladder contour from the same patient as the localization CBCT. In order to suppress 
noise, a 3D recursive Gaussian smoothing filter [124] with a standard deviation 2 mm  
was applied to both planning CT image and localization CBCT image  
 
The planning CT was first registered to the reference CT from training data set using 
the pubis bone in order to transform the reference point to the planning CT. From this 
reference point, the bladder contour of the planning CT was re-sampled along radial 
directions as . The localization CBCT was then registered with the planning CT 

using the entire pelvic bone. After the registration, the re-sampled bladder contour  

from planning CT was mapped to localization CBCT as the initial shape of the 
bladder segmentation .  
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For the purpose of calculating the directional gradient field, extra interior and exterior 
bladder contours and were created by shrinking and expanding the vertices of 

the bladder contour by 5 mm along a direction normal to each vertex. These 3D 

contours , and all had L (L=2091) vertices and same triangular surface 

connections.  
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The bladder segmentation contour  Pc*

0  on the localization CBCT image started 

from the bladder contour  in planning CT, where 0c   0,...,1
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parameters vector  contains the weights of the D dominating PCA modes 

in spherical harmonic space. A shape function  in spherical 
harmonic space was converted to a shape function in Cartesian space by inversed 
spherical harmonic transformation as in equation (6.5). The bladder segmentation 
contour  is the sum of initial bladder contour and bladder deformation 
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As a result, when changing the shape parameter vector , the initial bladder contour 
 deforms according to the deformation pattern calculated from the training data set. 
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Similarly, for the calculation of directional gradient field, interior contour candidate 

 and exterior contour candidate  were also created by shrinking and 

expanding the vertices of contour candidate  by 5 mm along a direction normal 

to each vertex. 
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A cost function E was defined to measure how well the deformed bladder contour 
matched the underlying bladder edge on the localization CBCT image. The cost 
function E was the sum of the cross correlation (CC) between the directional (interior 
and exterior) gradient field of the planning CT sampled on its corresponding bladder 
contour and the directional (interior and exterior) gradient field of the localization 
CBCT sampled on the segmentation contour candidate. 
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The interior gradient field of planning CT , interior gradient field of localization 

CBCT , exterior gradient field of planning CT  and exterior gradient field of 

localization CBCT  were calculated by the difference between the images 

intensity sampled by the original bladder contour and the images intensity field 
sampled by the interior and exterior bladder contour.  
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, where  and represent the intensity field of the planning 

CT and localization CBCT images.  
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The segmentation process needs to find the shape parameter vector 'P  that best 
represents the bladder surface in a validation image:  

           ]3,3[)|min(arg' iiiE  PPP ,                               (6.13) 

where i  is the square root of the eigen value i . The search for the optimum shape 

parameter vector was carried out by a simplex optimizer within the interval [-3σ, 3σ] 
to minimize the cost function of E. 
 

6.3.2.2 Manual correction after automatic segmentation 
Due to the artifacts of CBCT, inconsistent gradient values of the bladder edge 
between CT and CBCT, and non-global optimized cost functions, sometimes the 
proposed method could fail to correctly segment the bladder on CBCT. Hence, after 
automatic segmentation, the user was required to roam through the sagittal planes and 
visually assess whether the segmentation fit the bladder edge of validation CBCT 
image well. If the bladder was incorrectly segmented, the user could manually add 
several markers on the edge of the bladder where automatic segmentation mismatched.  
With these manually defined markers, an extra term ExternalE  was introduced into the 

cost function E: 
                                                                      (6.14) ExternalEEE *

 
The is the average distance from the markers to bladder segmentation surface. 

Note that 
ExternalE

  is a weighting parameter. We determined the optimum value of  by 
conducting a parametric study using the entire validation data set. For each values of 
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 , we computed the segmentation error. The value that yielded minimal 
segmentation error was chosen as the optimum value of  . The same   value was 
used for all validation data. 
 
After several markers were set on the edge of the bladder, the user could re-segment 
the bladder using cost function *E that included both the edge and marker fitting. The 
new segmentation also used a simplex optimizer and started from the bladder contour 
of the planning CT. After the new segmentation, the user would re-assess and add 
additional markers until a satisfactory result was achieved.  
 
The automatic segmentation time, assessment time, frequency of manual correction, 
number of manually defined makers, and manual correction time were recorded.  
 
 

6.3.3 Validation of bladder segmentation 
To evaluate the performance of the automatic and semiautomatic bladder 
segmentation methods, we calculated volume and distance based errors and accuracy 
of plan selection from library of plans using automatic bladder segmentation.  
 
We used the conformity index (CI) to measure the volume overlap between the 
segmented bladder and manually delineated bladder. For two regions R1 and R2, the 
CI was defined as the ratio of the volume of intersection to the volume of union 
between R1 and R2  
 
The signed local residual error was defined by computing the distance of the position 
in manually delineated bladder surface to the triangles in segmented bladder surface. 
The residual error was positive when the point from the manually delineated bladder 
surface was located outside the segmented bladder and negative when the point from 
the manually delineated bladder surface was located inside the segmented bladder. 
Note that the manually delineated bladder after smoothing is used for volume and 
distance based metrics calculation. 
 
The bladder volume and the segmentation errors of patients on different protocols 
(whole bladder radiation and partial bladder radiation) were recorded separately.  
 
Besides the volume and distance based conformity test, the accuracy of plan selection 
using automatic segmentation was also calculated. For each patient, three plans with 
different PTV volume were created from the first six scans, according to the protocol 
proposed by Foroudi et al. [54]. The small PTV was the smallest bladder of the six 
bladders with additional 5 mm uniform margin. The large PTV was the Boolean 
addition of all the six bladders with additional 5 mm uniform margin. In literature 
[54], the medium PTV was visually determined for each axial slice, from the largest 
and smallest bladders, using a ruler tool as a guide. However, in our study, for the 
sake of simplicity and reproducibility, instead of the visually determined contour the 
medium PTV was defined by the Boolean addition of the smallest F bladders out of 
the six bladders with additional 5 mm uniform margin. F was chosen such that the Fth 
smallest bladder has the closest volume to the median volume of the largest and 
smallest bladders. 
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For each validation CBCT scan, the plan for smallest PTV of the three plans which 
can safely cover 99% of the bladder volume was selected as the plan of the day. We 
separately used the manually delineated bladder and segmented bladder to select the 
appropriate plan. In total, there were four possible cases: either the plan for small, 
medium, or large PTV was selected or none of the three plans was sufficient to cover 
99% of the bladder volume. We considered the optimal plan selected by the manually 
delineated bladder as the reference standard. The agreement between the plans 
selected by the automatically segmented bladders and reference standard was 
recorded.  
 
 

6.4 Results 
 
We computed the spherical harmonic expansion for all bladder sphere surfaces by 
varying the degree K from 1 up to 17. An example of the spherical harmonic 
expansion was illustrated in figure 6.2. We observed that when the bladder delineation 
was expanded to only the first degree (K=1) harmonics, the reconstructed shape was a 
simple ellipsoid which approximates the coarse shape of the bladder. At higher K, the 
reconstructed shape better approximated the original bladder shape. A spherical 
harmonic function with degree of five provides a good approximation of the original 
bladder shape (figure 6.3), since the mean residual error was smaller than 1 mm. 
Consequently, K=5 was chosen.  
 
The dimension of the coefficients )(i  in equation (6.5) is given as 3*(K+1)2, so for 
the selected degree K=5, 108 parameters are needed to describe the bladder shape. For 
the given training set of bladder contours, the dimensionality of the shape parameter 
space was further reduced to 7 using principal component analysis. These 7 PCA 
modes represent more than 95% (96.3%) of the bladder shape variation (figure 6.4). 
Figure 6.5 visualizes the first 7 dominating PCA modes. The first mode is associated 
with bladder volume change. The second and third modes mainly model translations 
and rotations. The fourth, fifth, sixth and seventh modes model other deformation 
patterns.  
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Figure 6.2: Example of spherical harmonic shape expansion of a bladder for 8 different degrees. 
 
 

 
Figure 6.3: The mean and standard deviation (error bar) of spherical harmonic shape expansion 
of bladder as a function of degree. 
 
 
 

 
Figure 6.4: The integral of the eigenvalues for the training data set as function of the number of 
PCA modes. The sum of all eigenvalues was normalized to 100%.  
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Figure 6.5: The seven dominating PCA modes of shape variation derived from 95 bladder shapes 
in the training data set.  The red surface in the middle of each picture is the surface of bladder. 
The white structures are the spine and pelvic bone. The central column represents the mean 
bladder shape, whereas the right and left two columns are bladder shapes with plus and minus 
1.5 and 3 times the standard deviation of the shape variation in each mode.  
 
For bladder segmentation on all 233 localization CBCT images, the automatic 
segmentation took on average 7.8 seconds on a personal computer equipped with 
Core 2 Duo CPU of 3.0 GHz and 4 GB of RAM. Visual assessment of the 
segmentation took on average 9.7 seconds. In 53.4% of the cases, manual correction 
was performed after automatic segmentation. For segmentations that required manual 
correction, on average 8.4 markers were placed and the procedure took on average 
35.5 seconds longer.  
 
Figure 6.6 shows an example of a successful automatic bladder segmentation with 
manual bladder delineation and three different PTVs from the library of plans. An 
example of failed automatic bladder segmentation is illustrated in figure 6.7 (a). After 
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manually placing several markers on the visible edge of the bladder, the incorrectly 
segmented bladder was corrected to correspond with the actual bladder edge (figure 
6.7 (b)). The average absolute residual error distribution over all 233 bladder 
segmentations illustrates a higher segmentation residual error in the posterior parts of 
the bladder (figure 6.8). 
 

 
Figure 6.6: (a): The automatically segmented bladder contour (green thick solid curve) and 
manually delineated bladder contour (red thick dashed curve) were overlaid on a sagittal section 
of a localization CBCT image. (b): Small, medium and large PTVs (blue thin curves) from the 
library of plan were overlaid on top on (a). In this example, the medium PTV was the smallest 
PTV safely covering the entire bladder volume, hence, the medium PTV was selected as the plan 
of the day.  
 

  
Figure 6.7: (a): Three markers were manually added on the border of bladder to correct the 
incorrectly segmented bladder. (b): After including these markers into the cost function, the 
segmentation result was correct.  
 

 
Figure 6.8: Visualization of the global average residual error distribution over all 233 bladder 
segmentations.  

(a)                                                       (b)

(a)                                                        (b)

Small PTV    

Medium PTV     

Large PTV    
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The median, 10th percentile and 90th percentile of CI overlap indices, and SD of 
signed residual errors for each patient of both automatic and semiautomatic 
segmentation methods were plotted in figure 6.9 and figure 6.10 It is observed that the 
semiautomatic segmentation method, if used, always yielded a higher overlap and 
lower residual error than the automatic segmentation method. In general, for the 
automatic segmentation method, the mean CI overlap index and SD residual error 
over all 233 segmentations are 70.5%, and 0.41 cm, respectively. After the correction 
step, CI overlap indexes increased to 77.7%, while the mean residual error reduced to 
0.30 cm (table 6.1). 
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Figure 6.9: The median (triangle), 10th percentile (minus error bar) and 90th percentile (plus 
error bar) of CI overlap indexes between automatically segmented bladder and manually 
delineated bladder, and the median (square), 10th percentile (minus error bar) and 90th 
percentile (plus error bar) of CI overlap indexes between semi-automatically segmented bladder 
and manually delineated bladder for all 22 patients.  
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Figure 6.10: The median (triangle), 10th percentile (minus error bar) and 90th percentile(plus 
error bar) of the SD of signed local residual error for automatic bladder segmentation method 
and the median (square), 10th percentile (minus error bar) and 90th percentile(plus error bar) of 
the SD of signed local residual error for semiautomatic bladder segmentation method for all 22 
patients.   
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Table 6.1: Mean CI overlap and mean residual error (SD of signed distance) of the automatic and 
semiautomatic bladder segmentation methods.  

 Mean CI Overlap Mean residual error (cm) 

Automatic segmentation 70.5% 0.41 

Semiautomatic segmentation 77.7% 0.30 

 
The mean and SD of the volume difference of automatic and manual bladder 
segmentations are 7.3 ml and 73.3 ml. The mean and SD of the volume difference of 
semiautomatic and manual bladder segmentation are -1.8 ml and 25.5 ml. Since the 
mean volume difference is very small, the mean signed residual errors over all 22 
patients for both are almost zero (<0.03 cm). 
 
The mean bladder volume in the training data set is 221±115 ml (1SD). For the 
validation data set, the mean bladder volume of 14 patients with the full bladder 
protocol was 256±220 ml (1SD), while the mean volume of the 8 patients with the 
empty bladder protocol was 121±34 ml (1SD). We did not find a difference in the 
segmentation accuracy between full and empty bladders: mean residual errors for full 
and empty bladders were 0.28 cm and 0.31 cm, respectively (p=0.10, paired t-test). 
However, since the overlap indices are very sensitive to volume, the CI overlap for 
full bladder is significantly higher than that for empty bladder (p<0.01, paired t-test).  
The mean CI overlap indices for full and empty bladder are 78.9% and 75.4%, 
respectively.  
 
The agreement between the selections made by manual and fully automatic bladder 
segmentations was 56.7% (figure 6.11). In 31.8%, 8.2% and 3.4% of the cases, the 
plan selected by automatic segmentation was respectively one size, two sizes and 
three sizes different from the plan selected by manual delineation. With after manual 
correction, the plan selection agreement improves to 80.7%. The plans selection 
disagreement between semiautomatic segmentation and manual delineation was 
17.6% for one size difference, 1.7% for two sizes difference and 0% for three sizes 
difference.  
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Figure 6.11: Histogram of the difference between the plans selected by the two segmentation 
methods and plans selected using the manually delineated bladder. Zero on the x axis means that 
same plan was selected. The other non-zero numbers in x axis indicate difference of PTV size of 
the plans selected by manual delineation and two segmentations methods., e.g. when a plan for 
large PTV was selected by manual delineation, while a plan for medium PTV was selected by 
automatic segmentation, the difference of plan selection was -1.  



Bladder segmentation using population based model 101 

6.5 Discussion  
 
We presented a novel method for semiautomatic bladder segmentation on CBCT. 
Using a population data as prior knowledge, this method avoids unrealistic bladder 
segmentation shapes and produces an automatic bladder segmentation in a short time 
with moderate accuracy (70.5% mean CI overlap). After the automatic segmentation, 
a quick manual correction can be performed to correct the poorly segmented bladders. 
This manual correction improves the mean CI overlap of bladder segmentation to 
77.7%, which is similar to the inter-observer variability of bladder delineation on 
CBCT reported in literatures, that are 75.0% CI overlap from Foroudi et al. [126] and 
82% CI overlap from Lutgendorf-Caucig et al. [127]. 
 
We first modeled the bladder shape using spherical harmonic expansion. The 
advantage of this step is that it suppresses high spatial frequencies that are not 
expected in the bladder. If we would directly perform principal component analysis 
on the Cartesian space of all the training bladder contours, delineation error and re-
sampling error would introduce unrealistic high spatial frequencies in the dominating 
PCA modes. One study used spherical harmonics with 10-20 degrees to model the 
bladder [135]. Although higher degrees can lead to more accurate modeling, in our 
data the average residual fitting error with 5 degrees is already smaller than the voxel 
size, so we favor less degrees for the sake of computation speed. 
 
The automatic segmentation method uses a population based model as prior 
knowledge, in combination with the bladder contour and image gradients of the 
planning CT. These data are always available for radiotherapy patients, as they are 
standard input for the IGRT process. In general segmentation applications, such data 
is not available. The combination of population based prior information from a large 
training data set with patient-specific prior information from the planning CT is a 
powerful method to segment the bladder on CBCT.  
 
One assumption of the automatic segmentation is that the image gradients around the 
bladder in the planning CT are highly correlated with the gradient value on the 
corresponding location in the localization CBCT. However, because this 
correspondence is currently defined along the radial direction large deformation or 
shifts invalidate this assumption. In addition, resolution differences as well as noise 
and artifacts lead to inconsistencies. We defined the cross correlation between the 
sampled gradient fields of CT and CBCT images as cost function. Although the 
optimal value of the cost function is far from zero, it still captures the image contrast.  
 
In 72 out of 233 localization CBCT images, the automatic segmentation had a very 
low similarity with the manual delineation (CI overlap <0.65). This typically occurs 
because a local minimum is found by the simplex optimizer. To deal with this 
problem, we have a limited manual intervention. For online bladder segmentation just 
before treatment, a visual assessment by the radiographer is always necessary to 
ensure high quality segmentation for the plan selection in the next step.  After 
automatic segmentation, the user usually roams through the sagittal plans of the 
localization CBCT and visually checks whether the bladder contour fits the edge of 
bladder. Where the user observes contour mismatches, a few markers are placed. In 
practice, we suggest the users to place a pair of markers each time instead of a single 
marker, i.e. one marker locates on the mismatched edge of the bladder and the other is 
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on the opposite side of the edge of the bladder. Such marker pairs avoid over-
correction problems in practice.  
 
The agreement between the selections made by manually delineated and automatically 
segmented bladders is 56.7%, while manual correction improves the agreement to 
80.7%, which is higher than the reported agreement between different observers 
(range from 70%  to 77% [23;55;116]). The mean segmentation and plan selection 
time including manual correction is about half a minute, which is shorter than the 
average 1.5 minutes plan selection time reported by Lalondrelle et al. [23]. So the 
semiautomatic segmentation provides a faster plan selection tool with the same 
accuracy as manual selection, and therefore can facilitate clinical implementation of 
multiple plan ART of bladder cancer.  
 
In a previous study, we built a patient-specific bladder model based on the first six 
images of each patient to guide the segmentation. That method is more robust to the 
image artifacts. However, when the bladder in the localization CBCT has a different 
deformation pattern as the bladders in the first six images, the patient-specific model 
cannot fit to the right bladder shape. In the current study, the population based bladder 
model gives a general description of inter- and intra- patient bladder deformation, 
hence it can very well fit the bladder shapes on which the previous method failed. The 
drawback of the current segmentation method is that the reference planning CT has 
different gradient values on the bladder edge from the localization CBCT. Moreover, 
using only one planning CT as the reference image and a simplex optimizer can yield 
a non-global optimization. To deal with these problems, we manually defined markers 
to correct the non-global optimization.  
 
From 2007, most patients in our department received a lipodol (liquid marker) 
injection on bladder wall via cystoscopy before planning, which was used for both 
tumor demarcation and image guidance [33;81;129]. However, these patients were 
excluded from our study. That is because the part of the bladder wall with markers has 
much higher gradient values than other parts, hence it dominates the cost function. 
When the markers do not move along the radial direction, the segmentation is 
incorrect. In other words, the image data with lipiodol on bladder wall is not 
compatible with the automatic segmentation algorithm. A simple way to deal with the 
images with lipiodol is to set   to a very large value such that it only uses the 
markers without image information to determine the cost function. We have found 
that about 30 markers are needed to produce a good bladder segmentation without 
using imaging information. This is very similar to the segmentation approach 
proposed by Price et al. [135]. 
 
The training data for building bladder model is 95 bladder contours from 8 patients 
with full bladder drinking protocol, while the segmentation method was validated on 
the data of 22 patients with both full and empty bladder drinking protocols from a 
different institute. This finding suggests that our segmentation method is not very 
dependent on drinking protocols or CBCT image acquisition protocols.  
 
One limitation of current bladder segmentation method is that it has only been trained 
on, and therefore works on, male patients. Since about 70% of muscle invasive 
bladder cancer patients in our hospital are male patients, we have first built a generic 
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male bladder model. A female bladder model will be built for bladder segmentation 
on female patients in the future. 
 

6.6 Conclusion 
PCA on spherical harmonics space is an efficient method to describe bladder 
deformation. The statistical shape based segmentation approach is robust to the 
relatively poor CBCT image quality and allows automatic segmentation of bladder on 
CBCT with moderate accuracy. A limited user intervention quickly and reliably 
corrects failed segmentations. This segmentation method is suitable to select the 
appropriate plan for a multiple plan ART of bladder cancer.  
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7.1 General objective and achievements 
 
The objective of this thesis was to study the feasibility of marker based image-guided 
radiotherapy (IGRT) of partial bladder cancer and to develop the plan generation and 
selection techniques for image-guided adaptive radiotherapy (IGART) of the whole 
bladder.  
 
In Chapter 2, lipiodol markers were proven to be a feasible method to track bladder 
tumor for IGRT of partial bladder. However, a significant residual error after marker 
based position correction was observed by measuring the differential marker 
movements. In Chapter 3 and 4, a biomechanical finite element (FE) model was 
developed to simulate bladder deformation caused by bladder filling changes. This FE 
bladder model shows promise for the prediction of the bladder shape change using 
only one pelvic scan and the volume change of bladder as the input. It can potentially 
be used to generate multiple plans with different volumes for the IGART of bladder 
cancer. In Chapter 5 and 6, automatic and semiautomatic bladder segmentation 
methods were developed. These segmentation methods were shown to be suitable for 
selecting the optimal plan for IGART of the whole bladder. These segmentation 
methods using statistical shape model were robust to handle the relatively poor cone-
beam CT (CBCT) image quality and allowed for fast and reliable segmentation of the 
bladder on online CBCT.  
 
In this chapter, we will discuss the results and achievements along with possible 
applications and future research direction. 
 

7.2 Marker injection techniques 
 
The Netherlands Cancer Institute and Academic Medical Center were the first to use 
lipiodol markers in the bladder wall for tumor delineation and radiotherapy guidance. 
This liquid marker injection technique has been adopted by several groups [136;137].  
 
The data from Chapter 2 was taken from 2006 to 2008, when we were still on a 
learning curve for lipiodol contrast injection. From 2006 to 2008, 50% of the patients 
who received lipiodol injections had a merged lipiodol bulk, which only allowed for 
registration based on the entire tumor region.  After that, we have replaced the 
injection needle with a thinner needle used for Botox therapy to better control 
injection quantity. We introduced the c-arm x-ray fluoroscopy into the lipiodol 
injection room so that the lipiodol contrast markers could be immediately checked by 
fluoroscopy after injection. Failed injections could be detected and re-injection 
performed until the required number of markers stayed within the bladder wall. As a 
result, recent patients generally have more distinguishable small lipiodol spots.  
 
 

7.3 Clinical treatment protocols 
 
In the Netherlands Cancer Institute, there are already more than four years of 
experience in performing online position correction for partial bladder radiation in the 
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clinic. Online position correction is performed by automatically registering all 
lipiodol markers together between online CBCT and planning CT and then shifting 
the treatment table to correct mismatches. With this online position correction 
procedure, the PTV margin used in clinic was reduced from 20 mm to 12 mm.  In 
Chapter 2, significant differential movements of markers were found especially for 
tumors with an elongated shape. Such residual registration error is one of the reasons 
why even with the online position correction method, a 12 mm PTV margin is still 
used for partial bladder radiation. 
 
In the Academic Medical Center, lipiodol marker injection has also become a clinical 
routine for whole bladder with partial boost radiation for more than four years. 
Lipiodol markers are used for both tumor delineation and image guidance. Currently, 
a 10 mm margin is applied to the whole bladder PTV except for a 15 mm margin in 
the cranial direction, and a 10 mm margin is applied to the tumor boost PTV. During 
treatment, the patient position is corrected (for translation) by automatic registration 
of the lipiodol markers around the boost field between online CBCT and planning CT. 
 
In the both centers, the patients receiving whole bladder radiation are still treated in a 
traditional way with 15 mm uniform PTV margin using only bone registration to 
correct setup errors.  
 
 

7.4 IGART of bladder cancer 
 
IGRT with rigid position correction cannot compensate for the bladder deformation 
associated with volume differences. Therefore, IGART is required for a more precise 
radiation of the whole bladder with or without a partial boost. Since bladder motion is 
rather predictable during the course of treatment, and is found to be highly associated 
with bladder and rectal filling changes [15;17;82], predictive modeling of individual 
bladder motion patterns at the planning or early treatment stages is very useful. 
Several cancer centers have been investigating different strategies for multiple-plan 
IGART.  
 
 

7.4.1 Literature review 
 
Christie Hospital NHS Trust in UK was the first institute to introduce a multiple-plan 
adaptive strategy [55]. Besides the standard PTV with a 15 mm margin, two other 
PTVs with 10 mm and 5 mm margins were created from the planning CT. On each 
treatment day, the smallest PTV to cover the bladder on CBCT with a 2 mm margin 
was selected as the plan of the day. It was found that this procedure allows the 15 mm 
margins used in some cases to be safely reduced to 10 mm on average.  
 
Physicians at the Royal Marsden NHS Foundation Trust in UK acquired two extra 
follow-up CT scans at 15 min and 30 min after scanning the planning CT for each 
patient [23]. Three plans were created from these three CT scans with a 5 mm margin. 
The plan for smallest PTV safely covering the bladder on online CBCT was then 
selected to treat the patient. 
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Besides creating multiple plans in the planning stage, several institutes created 
multiple plans based on bladder shapes observed during the early treatment stage. 
Researchers at the Peter MacCallum Cancer Center in Australia generated three plans 
with different bladder volume from the planning CT and the first five CBCT images 
[58]. Small, medium and large plans are created by Boolean operations on the first six 
bladder contours with an extra margin of 5 mm. Similarly, Aarhus University Hospital 
in Denmark reported three different methods to generate small, medium and large 
plans from the first six bladder contours [22].  Researchers at the Princess Margaret 
Hospital in Canada generated four plans with different sizes from the first 15 CBCT 
images of each patient [57]. These three studies all concluded that a multiple plan 
adaptive strategy is feasible and results in a significant reduction in volume of 
irradiated normal tissue without reducing bladder coverage.  
 
Several groups also investigated multiple plan image-guided adaptive strategies for 
the whole bladder irradiation combined with a partial boost. In the Tata Memorial 
Center in India, six plans were created from the planning CT with a uniform margin 
of 5 mm to 30 mm in 5 mm increments combined with a tumor boost volume with a 
10 mm margin [56]. For each treatment fraction, after automatic bone registration, the 
table correction was manually adjusted to fit the bladder on CBCT into the smallest of 
the six PTVs. At the Helsinki University Central Hospital in Finland, 3-4 planning CT 
scans were acquired with different bladder volume to create 3-4 whole bladder PTVs 
and 2-4 tumor boost PTVs with 10-15 mm anisotropic margins. On the treatment day, 
the plan with the smallest PTV to cover the bladder volume in CBCT with a 3 mm 
margin was selected as the plan of the day [29]. Also these multiple plan adaptive 
strategies resulted in a remarkable reduction of irradiated small bowel volume while 
maintaining the dose coverage of CTV at a similar level as with conventional 
treatment techniques.   
 
 

7.4.2 Plan generation methods 
 
As described above, there are different ways to model individual bladder motion 
patterns to predict the bladder shape on treatment day, e.g. using different margin 
sizes from the bladder in planning CT, acquiring multiple planning CT scans with 
different bladder volumes, or predicting bladder shapes with different volumes by 
doing Boolean operations of bladder shapes observed in the early treatment stage. 
Reports indicate that in the last method, generating multiple plans from the bladder 
shapes observed in the early treatment stage, yields better sparing organs at risk than 
other methods. However, a drawback of this method is that it can only work in later 
treatment stages and patients have to receive conventional irradiation during early 
treatment stages. The optimal number of images to use to generate the library of plans 
is still an open question.  
 
In chapters 3 and 4, a biomechanical finite element bladder model was developed to 
model the patient-specific geometry and simulate the bladder deformation caused by 
bladder volume changes. This model can predict the bladder shapes using only one 
planning image and the bladder volume as input. It provides another option to 
generate the library of plans with different bladder volumes and can do without the 
extra CT and CBCT images needed by other methods. However, a comparison of the 
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library of plans created by the finite element simulation method and other image 
based methods has yet to be done.  
 
 

7.4.3 Plan selection methods  
 
In the multiple-plan IGART, a fast and robust plan selection methodology is an 
important component. Due to the complexity of the patient anatomy and low contrast 
of the CBCT, computer aided plan selection methods are preferred. In Chapter 5 and 6, 
bladder segmentation methods using patient-specific and population based statistical 
shape models are proposed for plan selection. The segmentation method using a 
patient-specific model requires the planning CT and first five CBCT images as prior 
information for each patient, while the segmentation method using population based 
model just requires a generic model and planning CT as inputs. Therefore, we suggest 
choosing the segmentation method using a patient-specific model for multiple-plan 
adaptive strategies, that start after the early treatment stage, since the CBCT images 
needed for model building are required to generate the library of plans. For multiple-
plan strategies starting from the first treatment day, the segmentation method using a 
population based bladder model combined with manual correction is recommended to 
segment the bladder and select the optimal plan. More discussion about the bladder 
segmentation methods can be found in section 7.8. 
 
In Chapter 5 and 6, the plan selection decision is made based on volume coverage of 
the bladder by different PTVs. Lu et al. developed an integrated segmentation and 
deformable registration framework to simultaneously segment multiple pelvic organs 
[121]. A similar multiple pelvic organs segmentation strategy could be investigated in 
the future such that plan selection would not only be done based on target coverage 
but to also take dose constraints on the organs at risk into consideration.  
 
There are some alternative ways for multiple-plan selection that do not use ionizing 
radiation. Ultrasound was reported to provide a quick and reliable measurement of 
bladder volume [37;79]. The bladder volume measurement is considered as a 
surrogate measure of bladder motion during radiotherapy and could be used as an 
alternative tool to select the optimal plan from the library of plans. Li et al. from 
Karlsruhe Institute of Technology in Germany developed an impulse radio ultra 
wideband radar for detecting water accumulation in the human body [138]. It provides 
a cost efficient way to measure the water volume in the bladder in real time [139], and 
can also be used potentially for online plan selection.   
 
For the IGART of whole bladder with a partial boost, a major difficulty is that there is 
differential motion between the tumor and healthy part of bladder. The tumor boost 
region mostly shows rigid motion (and some bending in elongated tumors), while the 
healthy part of the bladder mainly shows volume associated anisotropic deformations. 
The boost field is usually prescribed at a 50% higher dose than the elective field. 
Hence, the position correction of the boost field is more important than the elective 
field. To further improve the precision of the elective radiation field, we propose to 
use a marker-based image guidance combined with a multiple-plan adaptive strategy 
for the whole bladder irradiation combined with partial boost. The bladder tumor 
should be included into the finite element model to simulate the differential 
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deformation of tumor and healthy bladder caused by bladder filling. After finite 
element simulation, multiple artificial CT images with different bladder volumes 
would be created. Multiple plans containing integrated elective and boost fields would 
then be generated based on the created artificial CT images. During treatment, the 
patient position should first be corrected by the registration of lipiodol markers to 
guarantee that the boost field will receive a high dose. From the position with marker 
registration, the optimal plan would be selected as the plan of the day such that the 
healthy part of bladder on online CBCT is safely covered by the elective PTV.    
 
 

7.5 Intra- fractional motion correction 
 
Intra-fractional motion associated with continuous bladder filling is a unique problem 
in radiotherapy of bladder cancer. So far, most radiotherapy delivery systems cannot 
compensate for intra-fractional motion of the bladder other than by adding safety 
margins.  
 
At the Netherlands Cancer Institute, two CBCT scans were performed before and 
after treatment delivery. It was found that the mean, systematic error Σ and random 
error σ of intra-fractional bladder motion were 0.16 mm/min, 0.16 mm/min and 0.23 
mm/min respectively for patients with empty bladder protocol, and 0.12 mm/min, 
0.13 mm/min and 0.18 mm/min respectively for patients with full bladder protocol. 
According to the van Herk margin recipe for a one dimensional case, the margin is 
given by: mean + 1.64Σ +0.6 σ [67]. The margin needed for intra-fractional motion 
during an 8 min long treatment is 4.4 mm for patients treated according to an empty 
bladder protocol and 3.5 mm for patients with a full bladder protocol. Note that the 
size of the margin is highly correlated with the overall treatment time. Fast radiation 
delivery techniques like volumetric-modulated arc therapy can significantly reduce 
the treatment time and therefore reduce the required intra-fractional safety margin. 
 
The CyberKnife system (Accuray, CA, USA) is a possible option to track and correct 
intra-fractional bladder tumor motion in real time. Using an integrated tracking 
system designed for real-time guidance through a robotic arm, CyberKnife allows for 
real-time organ position and motion correction during radiotherapy. Therefore, for the 
partial bladder radiation with lipiodol fiducial markers, CyberKnife might correct the 
intra-fractional bladder tumor motion during radiation treatment. A disadvantage of 
the CyberKnife is that treatment times are quite long. That is possibly the reason why 
bladder cancer treatment has rarely been attempted on CyberKnife device [140] 
 
 

7.6 Margins 
 
For the IGRT of the partial bladder, setup error and translational tumor motion error 
can be corrected by shifting the treatment table using marker registration. However, 
after such position correction, there are still residual errors indicated by the 
differential motion of markers found in Chapter 2. The marker registration in Chapter 
2 only includes translation. Hence the differential movements of markers could 
contain both rotation and deformation. The van Herk margin recipe [67] is not 
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applicable to rotational and deformational motions. Remeijer et al. [141] and van 
Kranen et al. [142] investigated the margin recipe for rotational and deformable 
targets, respectively. The margin recipe for rotational uncertainties requires the 
measurement of rotation deviations in three directions and is only able to estimate the 
margin for systematic rotational uncertainties [141]. In the future, we plan to convert 
the differential marker movements to the rotational deviations relative to the isocenter 
for the purpose of margin calculation. However, the margin for random rotational 
uncertainties is still an unsolved question. The margin recipe for a deformable target 
requires the correlation of surface points as input to calculate the margin [142]. In 
Chapter 2, only 5 patients have more than two markers that allow extracting of some 
statistics on deformation besides translation and rotation. More patients with several 
markers should be collected in the future to obtain the input data to calculate the 
margin for deformation uncertainties.  
 
For traditional whole bladder irradiation, an anisotropic margin derived from the finite 
element simulation could be used to replace the isotropic margin, leading potentially 
to a better sparing of organs at risk. For multiple-plan IGART, the margin for each 
plan needs to be further investigated. We finally believe that the margin can be 
dramatically reduced, if online plan re-optimization is available.  
 
 

7.7 Finite element model of bladder 

7.7.1 Improvement in FE bladder model 
 
The FE models in Chapter 3 and 4 only describe the bladder deformation caused by 
bladder filling changes in healthy volunteers with a constant rectal filling. It has, 
however, been reported that bladder shape also depends on the rectum volume 
[15;17;82]. Hence, rectal filling should be modeled in the future to better simulate 
possible bladder deformations for bladder cancer patients. The accuracy of FE models 
in this thesis is mainly limited by the poor definition of biomechanical material 
properties. A simple model with population based linear elastic material properties 
was used since patient-specific data is difficult to obtain for human tissues, whereas 
non-linear models significantly increase the computation time. However, in reality, 
biological material always shows non-linear and non-elastic behavior [96-98]. 
Veronda et al. presented a material law that expresses the feature of soft tissue 
through an exponential term [96]. The most common non-linear material models used 
to describe smooth muscle tissue are the Odgen, Mooney-Rivlin and Yeoh models, 
which are all available in the Abaqus FE software [97;98]. In the future, such non-
linear properties will be added to our model, as well as a separate segmentation of 
bladder tumors, which is known to be stiffer than the healthy part of the bladder wall 
[36]. Another limitation to this study is that the sliding between tissues in the 
deformation process was not included in the FE model. That is because of the lacking 
knowledge of the friction factor in contact layers and the dramatic increase in 
computation time required for simulation of sliding tissues. In the future, a simulation 
of the effect of friction factor should be done for the FE bladder model. 
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7.7.2 Tetrahedral versus voxel-based hexahedral meshes 
 
Tetrahedral and hexahedral meshes are the most common types of meshes utilized for 
three-dimensional finite element analysis. Hexahedral meshes are generally preferred 
over tetrahedral meshes because of their superior performance in terms of 
convergence rate and accuracy of the solution. However, hexahedral meshes are 
rarely used to model human structures. This is because tetrahedral volume meshing 
from the surface meshes of complex human structures is usually automatic, while 
hexahedral volume meshing commonly requires user intervention and is labor 
intensive. In medical imaging applications, however, the organ segmentation images 
are composed of solid discrete voxels, which can be directly converted to a regular 
hexahedral mesh. This approach eliminates the extra step of generating a 3D surface 
mesh (Chapter 4).  
 
In general, the tetrahedral mesh and voxel-based regular hexahedral mesh do not 
show a significant difference in accuracy when simulating bladder deformation using 
a linear model. However, generating a voxel-based hexahedral mesh does not require 
any manual labor and such a model (a low resolution) dramatically speeds up the 
finite element equation solving time from 1 hour to 3 min without much loss in 
accuracy. Hence, voxel-based mesh generation approaches makes FE modeling more 
feasible to clinical implementations, e.g. for multiple-plan adaptive radiotherapy. 
 
A limitation of the voxel-based mesh generation is that sliding cannot be included in 
the FE analysis due to the jagged interface between organs. As significant sliding 
occurs between the pelvic organs, we therefore recommend combining tetrahedral and 
hexahedral meshes for FE analysis.   
 
 

7.8 Bladder segmentation 
 
In Chapter 5 and 6, two bladder segmentation methods using patient-specific and 
population based statistical shape models were developed for different IGART 
strategies. Mostly, bladder shape variations and image artifacts occurring in CBCT 
images acquired during the early treatment stages are representative of those during 
later stages. Thus, the patient-specific model based approach in Chapter 5 allows for 
automatic and reliable segmentation of bladder on CBCT. However, one limitation of 
the patient-specific model is that the actual bladder deformation patterns shown on the 
online segmentation image may not occur in the patient-specific training set. 
Increasing the size of the patient-specific training data set could improve the 
representativeness of such a model. However, the price is that more manual labor will 
be needed and fewer fractions are available for the actual multiple-plan adaptive 
radiotherapy. The population based bladder model is more representative of any 
bladder shape and can segment bladder on CBCT using just the planning CT as input.  
However, the low similarity in bladder edge features between planning CT and CBCT 
often drives the optimization to undesirable segmentation results. Therefore, in 
Chapter 6, after automatic segmentation, a quick manual correction is performed to 
drive the optimization to the desired result. These two segmentation methods may be 
combined to further improve the robustness of bladder segmentation.    
 



114   Chapter 7 

7.9 General conclusion 
 
From this thesis, we can conclude that lipiodol markers are a feasible method to track 
bladder tumors for IGRT of partial bladder. We succeeded in developing a 
biomechanical bladder model and bladder segmentation methods for online CBCT, 
which are useful tools for computer-aided plan generation and selection techniques 
for IGART of bladder cancer.  Clinical implementation of the IGART for bladder 
cancer is the next step to be taken.  
 
 
 
 
 
 



   

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

8 Appendices 
 
 
 
 

Summary 
Samenvatting 
Bibliography 

Acknowledgements 
List of publications 
Curriculum vitae 

 
 
 
 
 
 
 





Summary  117 

Summary 
 
One of the major factors limiting the precision of radiotherapy for bladder cancer is 
organ motion. The inter- and intra- fractional movement of the bladder wall can be as 
much as 3 cm due to changes in volume of bladder and adjacent organs. The clinical 
introduction of a Cone Beam CT (CBCT) device mounted on the treatment machine 
enables image-guided radiotherapy (IGRT) and image-guided adaptive radiotherapy 
(IGART) for bladder cancer to compensate for the rigid and deformable organ motion 
during radiotherapy.  
 
The objectives of this thesis were to study the feasibility of lipiodol markers to enable 
image guidance of focal radiotherapy of bladder cancer and to develop tools for 
computer-aided generation of multiple-plans and plan selection for IGART of the 
whole bladder.  
 
In Chapter 2, the behavior of lipiodol markers during IGRT for partial bladder 
treatment was investigated. The 15 analyzed patients had 2.3 marker injections on 
average. The lipiodol spots were well visible on CT and CBCT and had significant 
higher intensity than the surrounding bladder tissue. The lipiodol markers were 
automatically registered by a chamfer matching algorithm. Although lipiodol marker 
diffusion was negligible, significant relative movement of marker caused by tumor 
deformation was found, in particular for tumors with an elongated shape. Therefore, 
lipiodol markers are feasible to track bladder tumor position and deformation changes 
with online CBCT for the partial bladder radiation.  
 
Since bladder volume change is a main driving force causing pelvic organ 
deformation, and to understand the nature of this deformation, in Chapter 3, a 
biomechanical model was constructed to simulate pelvic organ motion caused by 
bladder filling.  A 3D finite element (FE) method was used to model the specific 
geometries of 10 healthy volunteers and simulate the interaction between the bladder 
and adjacent pelvic organs. The simulation results showed realistic anisotropic 
deformation of the bladder wall: the bladder became more elongated in the cranial and 
anterior directions with increasing bladder volume. The simulated bladder shapes 
agreed well with the real bladder shape (DICE overlap ranging from 0.79 to 0.93 for 
the ten volunteers). The prediction errors for the bladder wall position of all 
volunteers with 200 ml mean bladder volume changes were on average 0.31 ± 0.29 
cm (SD). The accuracy of the bladder model depended on the magnitude of bladder 
volume change, and was mostly limited by inaccuracies in material properties and 
sliding between organs that had not been modeled. This FE based bladder model can 
potentially be used to improve IGART for the whole bladder, e.g. by generating 
multiple plans with different bladder volume from one planning image and predicting 
short-term bladder deformation.  
 
Two factors, however, prevent clinical application of FE based bladder models: (1) 
the manual labor required to construct a FE model with high quality mesh and (2) 
long computation time needed to solve the FE equations. In Chapter 4, these issues 
were addressed by constructing a low-resolution voxel-based FE bladder model 
directly from the binary segmentation images. FE models with a low-resolution non-
uniform hexahedral mesh were constructed on the same data set as the FE model with 
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tetrahedral mesh in Chapter 3. The algorithm directly generated regular hexahedral 
elements from the voxels of interest in binary segmentation images. The low-
resolution voxel-based hexahedral mesh yielded comparable accuracy in bladder 
shape prediction (<1% difference in mean dice similarity coefficient to manual 
contours and <0.02 cm difference in mean SD of residual errors) and speeded up the 
computation time to 3 min as opposed to 1 hour for the standard tetrahedral mesh in 
Chapter 3. This approach makes clinical application of the FE method to model 
bladder deformation more feasible, for instance to generate multiple plans from one 
planning CT for IGART of the whole bladder.  
 
After multiple plan generation, IGART of bladder cancer can be performed by online 
selection of the best fitting plan from this library of plans. The complexity of the 
patient anatomy and the low contrast of CBCT, however, make manual decision 
making at the treatment console immediately before treatment challenging, and very 
few clinics have therefore implemented this technique in practice. To facilitate the 
more widespread clinical implementation, computer aided plan selection is highly 
desirable. Therefore, in Chapter 5, an automatic bladder segmentation method using 
a patient-specific bladder model was developed for plan selection. Principal 
component analysis (PCA) was applied to bladder contours of the planning CT and 
the first five CBCT images to model the patient-specific bladder deformation patterns. 
The PCA modes were then used to deform the segmentation candidate to fit the 
bladder edge of online CBCT. The automatic bladder segmentation method yielded a 
78.5% mean conformity index (CI) between manually and automatically segmented 
bladders, which was similar to the inter-observer variability of bladder delineation on 
CBCT. The agreement between plan selections made by manually and automatically 
segmented bladders was 77.6%, which was similar to the reported agreement between 
different observers. The segmentation method using a patient-specific model is robust 
and allows for fast and reliable automatic segmentation of the bladder on CBCT for 
selecting the optimal plan from a library.  
 
Drawbacks of the segmentation method in Chapter 5 are that it can only work after 
the first five CBCT images are collected for each patient, and that it requires manual 
delineation of five bladder contours. In addition, it is not applicable for multiple plan 
ART strategies that start from the first treatment day. In Chapter 6, a bladder 
segmentation method using a population based bladder shape model combined with 
spherical harmonic expansion was developed. Contrary to the method in Chapter 5, 
the method in Chapter 6 uses a single generic bladder model for all patients instead of 
having to build a patient-specific model over and over again. The new method 
produced automatic bladder segmentation in a short time with moderate accuracy 
(70.5% mean CI overlap). In addition, a fast manual correction method was provided 
to correct those bladders that were poorly segmented. In this method, the user adds a 
small number of landmarks on the bladder surface which are subsequently used as 
extra constraints for bladder segmentation. This step improved the mean CI overlap of 
bladder segmentation to 77.7%, which was slightly better than the inter-observer 
variability. The semiautomatic strategy with manual correction resulted in 80.7% plan 
selection agreement, which was higher than the reported agreement between different 
observers. This method further improves the feasibility of computer aided plan 
selection technique for bladder IGART. 
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From this thesis, we can conclude that the injection of lipiodol markers into the 
bladder wall is a feasible method to track bladder tumors for IGRT of partial bladder. 
We succeeded in developing a biomechanical bladder model and bladder 
segmentation methods for online CBCT, which are useful tools for computer-aided 
plan generation and selection techniques for IGART of bladder cancer. Clinical 
implementation of the IGART of bladder cancer is the next step to be taken.  
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Samenvatting 
 
Een van de belangrijkste factoren die de nauwkeurigheid van radiotherapie van 
blaaskanker limiteert is orgaanbeweging. De inter- en intra-fractie beweging van de 
blaaswand kan tot 3 cm bedragen als gevolg van veranderingen in volume van de 
blaas en omliggende organen. De introductie van een 'cone-beam' CT (CBCT) 
systeem op de linac maakt het mogelijk beelden te maken van het te bestralen gebied 
voorafgaande aan de bestraling. Bij blaaskankerpatiënten wordt de tumor zichtbaar 
gemaakt op CBCT met behulp van lipiodolmarkeringen. Hierdoor kan voor rigide 
orgaanbeweging en deformaties tijdens radiotherapie gecorrigeerd worden. Dit maakt 
beeldgeleide radiotherapie (IGRT) en beeldgeleide adaptieve radiotherapie (IGART) 
mogelijk. 
 
De doelstellingen van dit proefschrift waren het onderzoeken van de haalbaarheid van 
het gebruik van de lipiodolmarkereringen om de tumorpositie te corrigeren bij partiële 
bestraling van de blaas en het ontwikkelen van algoritmes voor het automatisch 
genereren van meerdere bestralingsplannen en plan selectie voor IGART bij 
bestraling van de gehele blaas. 
 
In Hoofdstuk 2 is het gedrag van de lipiodolmarkers tijdens IGRT bij partiële 
blaasbehandeling onderzocht. De 15 geanalyseerde patiënten hadden ieder gemiddeld 
2.3 marker injecties. De lipiodolmarkers waren goed zichtbaar op CT en CBCT 
beelden en hadden een significant hogere intensiteit dan het omliggende blaasweefsel. 
De lipiodolmarkers werden automatisch geregistreerd met het 'chamfer matching' 
algoritme. De diffusie van lipiodol uit de markers was verwaarloosbaar. Daarnaast 
werden kleine maar significante fouten gevonden in de geregistreerde markerposities 
als gevolg van tumordeformaties, met name bij tumoren met een langgerekte vorm. 
We concluderen dat lipiodolmarkers geschikt zijn om online de tumorpositie te 
volgen met behulp van CBCT bij partiële bestraling van de blaas. 
 
Verandering van het blaasvolume is de belangrijkste oorzaak van deformaties in het 
bekkengebied. In Hoofdstuk 3 is een biomechanisch model geconstrueerd waarmee 
de beweging van organen in het bekkengebied als gevolg van blaasvulling 
gesimuleerd en bestudeerd kan worden. Een 3D eindige elementen (EE) methode  is 
gebruikt om de specifieke geometrie van de blaas van 10 gezonde vrijwilligers te 
modelleren en om de interactie tussen de blaas en de omliggende organen te 
simuleren. De simulatieresultaten lieten realistische anisotrope deformatie van de 
blaaswand zien: de blaas werd langgerekter in de craniale en anteriore richtingen 
wanneer het blaasvolume toenam. De gesimuleerde vorm van de blaas kwam goed 
overeen met de daadwerkelijke blaasvorm (DICE overlap variërend tussen 0.79 en 
0.93 voor de tien vrijwilligers). De nauwkeurigheid van het blaasmodel was het 
grootste als de volumeverandering van de blaas beperkt was. De behaalde 
nauwkeurigheid door het EE model werd met name beperkt door onnauwkeurigheid 
in de gekozen materiaaleigenschappen en het niet meenemen in het model van het 
over elkaar ‘glijden’ van organen. Het blaasmodel kan mogelijk gebruikt worden om 
IGART voor de gehele blaas te verbeteren, bijvoorbeeld door verschillende plannen te 
maken op basis van een plannings-CT waarin deformaties door veranderde 
blaasvulling worden voorspeld. 
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Twee factoren verhinderen echter de klinische toepassing van EE gebaseerde 
blaasmodellen: (1) het handwerk dat vereist is om een EE model te construeren met 
een hoge kwaliteit en (2) de lange rekentijd die nodig is met het EE model de 
onderliggende vergelijkingen op te lossen. In Hoofdstuk 4 is een oplossing voor deze 
problemen gevonden door een voxel-gebaseerd EE model met lage resolutie te 
construeren, direct vanuit de binaire beelden die volgden uit de segmentatie. Hierdoor 
werd de extra tijd en het werk dat deze extra stap kost geëlimineerd. Het lage-
resolutie, voxel-gebaseerde rooster bestaande uit hexaëders en leverde een 
vergelijkbare nauwkeurigheid op bij het voorspellen van de vorm van de blaas (<1% 
verschil in de gemiddelde vormfout) en reduceerde de rekentijd naar 3 minuten terwijl 
voor de standaard mesh bestaande uit tetraëders  (Hoofdstuk 3) 1 uur nodig was.  
Deze aanpak maakt het gebruik van de EE methode om blaasdeformatie te modelleren 
en meerdere plannen te generen op basis van een enkel planningsbeeld praktisch 
mogelijk.  
 
Nadat meerdere plannen gegeneerd zijn, dient in de IGART procedure online een plan 
uit de bibliotheek van plannen gekozen te worden. Door de complexe anatomie van de 
patiënt en het lage contrast van CBCT is dit erg moeilijk, en tot dusver is IGART dan 
ook niet op grote schaal gerealiseerd. Ten behoeve van de klinisch implementatie  van 
IGART is een automatische selectie strategie van groot belang. Om deze reden is in 
Hoofdstuk 5 een geautomatiseerde segmentatiemethode voor de blaas ontwikkeld op 
basis van een patiënt-specifiek blaasmodel. 'Principal component analysis' (PCA) is 
toegepast  op de blaascontouren in de plannings CT en de eerste vijf CBCT beelden 
om  de  patiënt-specifieke deformatie van de blaas te modelleren. De PCA modes 
werden vervolgens gebruikt om een kandidaat contour te deformeren totdat de 
blaasvorm in het online CBCT beeld werd gevonden. De 'conformity index' (CI) 
overlap van het blaasvolume volgens de geautomatiseerde segmentatiemethode en 
handsegmentatie was 78.5%. Deze overlap is vergelijkbaar met de inter-observer 
variabiliteit gevonden voor blaasintekeningen op CBCT beelden. De automatische 
planselectie kwam in 77.6% van de gevallen overeen met de handmatige planselectie. 
Dit is iets beter dan de gerapporteerde overeenkomst tussen verschillende waarnemers. 
Om deze reden kunnen we concluderen dat de voorgestelde segmentatiemethode 
robuust genoeg is om uit een bibliotheek van plannen snel en betrouwbaar het 
optimale plan te selecteren op basis van CBCT beelden met een lage beeldkwaliteit. 
 
Nadelen van de segmentatiemethode uit Hoofdstuk 5 zijn dat er eerst, voor iedere 
patiënt, vijf CBCT scans gemaakt moeten worden en dat handmatige intekening van 
de blaascontouren noodzakelijk is. Dit maakt de methode ook ongeschikt voor 
strategieën met meerdere plannen die vanaf de eerste behandeldag ingaan. In 
Hoofdstuk 6 is een methode ontwikkeld voor blaassegmentatie waarin een populatie-
gebaseerd blaasmodel is gecombineerd met sferische harmonische expansie. Voor 
deze methode wordt eenmalig een generieke blaas model voor alle patiënten 
gecreëerd terwijl bij de methode uit Hoofdstuk 5 voor iedere patiënt een specifiek 
blaasmodel nodig was. De methode kan binnen korte tijd een blaassegmentatie 
genereren met redelijke nauwkeurigheid (70.5% gemiddelde overlap). Daarnaast is de 
mogelijkheid gecreëerd om een slechte blaassegmentatie handmatig te verbeteren. De 
gebruiker voegt daartoe een klein aantal 'landmarks' toe op het blaasoppervlak die 
gebruikt wordt bij de segmentatie. Deze handmatige correctie verbeterde de 
gemiddelde CI overlap van de blaassegmentatie tot 77.7%, wat iets hoger is dan de 
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inter-observer variatie. Met deze methode komt de klinische haalbaarheid van 
'computer-aided' planselectie voor IGART bij de blaas dichterbij. 
 
Uit dit proefschrift kunnen we concluderen dat injectie van de lipiodolmarkers in 
blaaswand een geschikte methode is om de tumor te volgen voor beeldgestuurde 
radiotherapie. We slaagden er in om een biomechanisch model en automatische 
blaasdetectiemethode te implementeren. Dit zijn bruikbare hulpmiddelen voor het 
automatisch genereren van bestralingsplannen en de beste te selecteren tijdens de 
behandeling. De volgende stap die genomen kan worden is de klinische implementatie 
van deze technieken. 
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