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Abstract 

 

Prostate cancer is the most common type of cancer afflicting Canadian men. Image-

guided external radiation therapy of prostate cancer requires the accurate positioning of 

the patient in the treatment field. The alignment process is done using three fiducial 

markers implanted in the prostate. The current clinical practice involves the manual 

localization of these markers on pre-treatment, low-resolution electronic portal images 

(EPI). We propose an algorithm for the automatic detection of these markers. Our 

approach first enhances the quality of the EPI images using a fully automatic image 

enhancement approach. Next, fiducial markers are detected using template matching and 

a novel way of integrating information across multiple views. Experimental results show 

a significant improvement in the detection of fiducial markers in the left lateral view with 

respect to state-of-the-art results in related work. One should note that the left lateral 

view is the most challenging view due to the low resolution and the presence of 

occluding bony structures. 
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Chapter 1 

 

 

 

Introduction 

 

 

Computer vision is the science and technology that gives machines the ability to see, 

where „see‟ in this case means that the machine is able to extract visual information 

necessary to solve a specific and well-defined task. As a scientific discipline, computer 

vision deals with the theory behind artificial systems that extract information from 

images [1, 2, 3]. Image data can take many forms, such as video sequences, or multi-

dimensional data from a medical scanner. Sub-domains of computer vision include scene 

reconstruction, event detection, video tracking, object recognition, learning, indexing, 

motion estimation, and image restoration [1].  

Computer vision is a relatively new field of study and started as a branch of artificial 

intelligence (AI) in early 1970s. In the late 1970s, when computers could manage the 

processing of large image data sets, more advance methods of image understanding 

started to emerge. The first computer vision paradigm aimed to mimic the functioning of 

the human visual system [2]. However, other methods that did not have any similarity 

with the functioning of the human visual system emerged as well; vision researchers had 

to use all available mathematical tools to solve complex vision problems [3]. 

Consequently, there is no standard formulation of how a computer vision problem should 

be solved. Instead, there exist an abundance of methods for solving various well-defined 



 2 

computer vision tasks. These methods are often task-specific and they rarely generalize 

well over a wide range of applications [3]. Many methods and applications are still in the 

experimental state, but more and more methods have found their way into commercial 

products. 

There are a variety of applications of computer vision in medicine, many of them in the 

area of computer-aided diagnostic systems. Such systems can significantly reduce the 

radiologists‟ workload. The images may come from any medical imaging technology 

such as microscopy, X-ray, angiography, ultrasound, magnetic resonance imaging, 

computed tomography etc.  

This research focuses on the development of a new computer vision based approach 

supporting the delivery of external radiation therapy for prostate cancer. The main 

challenge of this type of therapy is the accurate localization of the prostate. Our goal is to 

improve the treatment efficiency by developing an automatic prostate localization 

algorithm. Our algorithm uses novel techniques to enhance the input images and improve 

the efficiency of the prostate localization and patient alignment processes. The remainder 

of the chapter is structured as follows. Section 1.1 provides concise background 

information about prostate cancer. Section 1.2 performs an overview of the technical 

challenges of this project. Section 1.3 highlights our research contribution. 

 

1.1 Prostate cancer 

Cancer is a disease that involves uncontrolled cell growth. Cells in the body grow, 

work, reproduce and die in a regulated and orderly way. Cancer results when the body 

loses control of this orderly process and cells proliferate in an uncontrolled way. Most 

cancers are named after the type of cell or organ in which they start. For example, cancer 

that starts in the prostate is called prostate cancer. According to Canadian Cancer Society, 

prostate cancer is the most common cancer to afflict Canadian men [4]. The prostate is 

about the size of a large walnut and its role is to produce the seminal liquid that mixes 

with sperm from the testicles to make semen.  

Based on recent data published by Statistics Canada [5], 19,652 new cases of prostate 

cancer were reported in 2003 and this number has increased to 23,181 in 2007. In 2010, it 

is estimated that 24,600 men were diagnosed with prostate cancer and 4,300 will die of it. 
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In other words, one in seven men develops prostate cancer during his lifetime and one in 

27 dies from it. Prostate cancer starts to appear in men in their 40s. The risk to develop 

prostate cancer is higher after age 60 and is a far greater threat for those with a family 

history of prostate cancer. With the aging of the population, the incidence of prostate 

cancer is increasing, but evidence shows that between 1994 and 2003 fewer men died 

from the disease with an annual decline average of 2.7%. It is not known if the lower 

death rate is a result of early detection, better treatments or both. 

Cancer treatment may be given for prevention, cure, control or palliation and 

sometimes the goal of treatment can change over time. The treatment selection depends 

on the type of cancer and the patient. Several treatment options exist for prostate cancer. 

Possible treatments include [6]:  

 

 Watchful waiting: Watchful waiting (active surveillance) means watching 

closely for signs or symptoms of disease progression without administering any 

therapy right away; 

 Surgery: Surgical procedure completely removes the prostate gland from the 

body (radical prostatectomy) or relieves symptoms caused by an enlarged 

prostate by removing prostate tissue (transurethral resection of the prostate);  

 Radiation therapy: Radiation therapy uses high-energy rays or particles 

(radiation) to destroy cancer cells; 

 Chemotherapy: Chemotherapy kills the cancer cells via the administration of 

drugs; 

 Hormonal therapy: Hormonal therapy is the administration of hormonal drugs 

or the removal of the testicles in order to shrink and stop the growth of the 

tumor. 

 

The three main prostate cancer treatments are surgery, radiation therapy and 

chemotherapy [7]. Other types of treatments, such as hormonal therapy may also be used 

in certain cases and often in conjunction with another treatment modality. 

Making a decision about what type of treatment is appropriate for a given patient can 

be difficult. There are important factors to consider before deciding which treatment is 
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optimal.  For example, it is important to consider the side effects of each treatment 

option, and whether or not the patient is comfortable with the possibility of incontinence 

or erectile dysfunction. In radiation therapy, the radiation used to destroys cancer cells 

may also destroy healthy cells which may result to various side effects, depending on the 

type of radiation therapy, the size of the treated area, and the total dose and the treatment 

schedule [8]. Since the prostate is a moving organ, some radiation therapy procedures 

needs to verify the prostate location at every day of treatment in order to minimize the 

radiation dose delivered to the surrounding tissue. One of these types of radiation therapy 

is the external beam radiation therapy, which irradiates the prostate from outside the body 

using a linear accelerator. If the prostate displacement is not taken in consideration, the 

treatment may fail at destroying the tumor and may also cause important injury to the 

surrounding structures such as the rectum and the bladder.  

Techniques have been developed to minimize the impact on the tissue surrounding the 

prostate and maximize the radiation dose delivered to the tumor. Some of these 

techniques use computer-generated images to manually extract the 3D coordinates of the 

prostate at every day of treatment. Such approaches make possible the delivery of a more 

precise dose of radiation to the targeted tissue. This type of radiation therapy is called 

image guided radiation therapy (IGRT) [9]. A detailed overview of the IGRT technique 

used in the context of this work is provided in chapter 2. 

 

1.2 Technical challenges 

One of the most important challenges encountered in medical applications of computer 

vision is the poor quality of the image data, in terms of resolution, contrast, and signal to 

noise ratio. However, medical imaging technologies progress very fast. Consequently, a 

close collaboration between computer vision and medical imaging specialists is necessary 

in order to explore the new possibilities created by this constant flow of innovation. 

The manual identification of the prostate location at every day of treatment is a tedious 

and time-consuming operation subject to human errors. As previously shown [10], 

current clinical practice involves team-based evaluations of difficult images, as well as 

image filtering with empirical, user-defined parameters. There is also a risk that the 

prostate moves between the times of image acquisition. This motivates the development 
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of new computer vision techniques for the automation of this process. Unfortunately, the 

state of the art of these techniques does not meet the clinical performance criteria for a 

fully automated approach. Reasons for the limited performance of algorithms are similar 

to the challenges encountered in the manual identification process, i.e. poor contrast, poor 

signal to noise ratio, presence of bony structures [11]. 

 

1.3 Contribution 

This research project proposes a new approach to improve the performance of the 

current techniques for fiducial markers detection. Our main contribution is twofold. First, 

we propose an algorithm that enhances the image contrast and increases the signal-to-

noise ratio without human intervention. Second, we propose a detection technique for 

fiducial markers that correlates the information in the two orthogonal views. The image 

enhancement is a preprocessing step for the detection technique. Therefore, our two 

contributions are seamlessly integrated into one approach for fiducial marker detection. 

Unlike most previous attempts to detect the fiducial markers, this approach emphasizes 

the importance of the pre-processing steps. We provide a new contrast enhancement 

algorithm, custom designed for images with small targets and a very low signal-to-noise 

ratio. This algorithm computes optimal parameter values for the enhancement of every 

image without any human intervention. Although the algorithm was mainly tested on 

electronic portal image of prostate, basic experimental tests on a limited amount of MRI 

images of the pelvic area has been successfully executed. 

To accurately detect fiducial markers, recent studies rely upon the inter-marker 

distance [12]. The main novelty in our proposed detection technique is using the inter-

marker distance and the correlation of orthogonal views through their common axis. Our 

approach has been tested with a template matching detection algorithm [10]. 

The remainder of the thesis is structured as follows. Chapter 2 presents a detailed 

description of radiation therapy. Chapter 3 reviews related work. The proposed approach 

is described in Chapter 4. The experimental results and discussion are detailed in Chapter 

5. Finally, Chapter 6 draws conclusions and outlines possible future work directions. 
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2  

 

 

 
 
 
 
 
 
 

Chapter 2 
 

 

 

Radiation Therapy 

 

 

Radiation therapy (RT), or radiotherapy, is the medical utilization of ionizing radiation to 

cure cancer or relieve its symptoms by a targeted destruction of malignant cells [4]. RT is 

the primary method of treatment for inoperable tumors. Moreover, RT can be used as a 

complement to surgery or chemotherapy, to destroy cancer cells left behind and to reduce 

the risk of the cancer recurring.  

RT can be provided by a machine located outside the body or by radioactive material 

placed inside the body, in the vicinity of cancer cells. These two types of radioactive 

treatment are named external-beam radiation therapy [8] and internal radiation therapy or 

brachytherapy [13] respectively. Systemic radiation therapy is a third type of treatment 

that uses a radioactive substance, administered orally or intravenously. This substance 

travels in the blood to reach the tissues throughout the body.  

The most commonly used radiotherapy treatments methods for prostate cancer are 

external beam radiation therapy (EBRT) and brachytherapy in this order [7]. This work 

focuses on EBRT treatment for prostate cancer, which is briefly overviewed in the 

following section 2.1. The remainder of this chapter is structured as follows: section 2.2 

briefly explains radiation therapy by image guidance, and section 2.3 presents the main 
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steps of the particular image guidance method used in this work. Finally, section 2.4 

highlights the impact of this work on image-guided EBRT. 

 

2.1 External Beam Radiation Therapy 

External beam radiation therapy (EBRT) is a specialized RT technique delivering a lethal 

dose of radiation, typically photons or electrons, to a well-defined tumor volume while 

minimizing the dose, and hence damage, to surrounding healthy tissues [14]. Receiving 

external beam radiation is similar to having an x-ray taken, except that the radiation dose 

is much higher. Thus, this is a painless and bloodless procedure. The most common type 

of machine used to deliver EBRT is the medical linear accelerator, often called a 

“LINAC”. A LINAC produces beams of high-energy X-rays or electrons. Figure 2.1 

shows a medical linear accelerator similar to the one used in this study.  

 

 

Figure 2.1: Example of a typical medical linear accelerator with the patient couch (Source: 

http://en.wikipedia.org/wiki/File:Clinac.jpg). 

 

Using complex treatment planning software, the radiation oncology treatment team 

plans the size and shape of the beams, and how the body is targeted, to effectively treat 

the tumor while sparing the normal tissue surrounding the cancer cells. Typically, the 

prescribed radiation dose is divided into equal fractions that are delivered daily over 

several weeks. This improves the outcome of treatment by allowing healthy cells time to 

repair and repopulate between exposures, and cancerous cells to proliferate to 
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radiosensitive cell stages [14]. Many methods of external-beam radiation therapy are 

currently being tested and used in cancer treatment. The most popular methods include: 

 

 3-dimensional conformal radiation therapy (3D-CRT) uses complex software 

and advanced treatment machines to deliver radiation to very precisely shaped 

target areas [15]; 

 Intensity-modulated radiation therapy (IMRT) uses a specialized device called 

a multi-leaf collimator to modulate the beam during treatment. This technique can 

provide even greater conformation of dose to target than 3D-CRT (above) [16]; 

 Image-guided radiation therapy (IGRT) uses images acquired during treatment 

to identify changes in a tumor size and location. This allows the position of the 

patient or the planned radiation dose to be adjusted during treatment as needed 

[17]. 

 

For effective EBRT, the location of target and surrounding critical structures must be 

known. For some disease sites, the location of a tumor with respect to the radiation beam 

can also change between planning and delivery. If displacement is not accounted for, the 

treatment may be ineffective in destroying the disease, and may also injure surrounding 

critical structures. To mitigate the prostate displacement problem, medical physicists 

traditionally increase the irradiated area to ensure coverage of the prostate. The downside 

of this approach is the increases of treatment side effects as more normal tissue are 

affected by the treatment. Consequently image guidance of the planning and delivery 

steps can significantly increase the treatment‟s efficiency, accuracy and quality. Section 

2.2 briefly describes radiation therapy by image guidance. 

 

2.2 Image Guided Radiation Therapy for prostate cancer 

Image guided radiation therapy (IGRT) is a specialized type of EBRT that aims to locate 

the radiation target prior to each treatment session, and realign it into the radiation beam 

if necessary. Several image guidance techniques are available for IGRT, and they are 

largely treatment site specific. This work focuses on prostate localization via fiducial 

markers (FMs), which will be further presented in section 2.3.  
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This technique is the current standard image guidance technique for prostate cancer 

requiring external beam radiation therapy. This is primarily caused by the motion of the 

prostate and of internal organs that are adjacent to the tumor [18]. As shown in figure 2.2, 

the prostate is located between the bladder and the rectum. Regular filling and emptying 

of these structures causes a 3D motion of the gland [19-21]. If displacement of the 

prostate is not accounted for, the treatment may be ineffective in destroying the disease, 

and may also injure surrounding critical structures. An interesting alternative technique 

not used in this work uses ultrasound imaging [22]. Ultrasound imaging does not involve 

radiation, which minimizes its impact on the healthy cells. Section 2.3 describes the 

treatment steps involved in the delivery of an IGRT treatment using FMs. 

 

 

Figure 2.2: Mid-sagittal view of the pelvic anatomy showing the close proximity of the prostate 

gland to the bladder and the rectum. (Source: http://www.prostatecancer.ca) 
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Figure 2.3: Steps involved in the delivery of fiducial marker based IGRT treatment for prostate 

cancer. 

 

2.3 Prostate localization with fiducial markers 

Prostate localization using fiducial markers is considered the “gold standard” image 

guidance technique for prostate IGRT because of its ability to accurately measure 

prostate displacements with a precision of 2.0 mm or less [23–25]. There are seven steps 

typically involved in the delivery of an IGRT treatment for prostate cancer. Figure 2.3 

presents these steps along with the stage of the treatment process when they are required. 
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The term couch shift represents the correction of prostate misalignments by moving the 

patient couch. All steps will be detailed in the following subsections. 

 

2.3.1 Implantation of fiducial markers 

The first step of the process consists in the implantation of three fiducial markers (FMs) 

into the prostate. Previous studies [26] have shown that the use of fewer markers did not 

always reliably represent the position of the entire prostate. All FMs used in this study are 

cylindrical gold seeds of 0.8 mm in diameter and 5 mm in length. However, other types 

of FMs with various size and shape can be used as well [10]. Figure 2.4 shows a FM of 

the type used in this work. 

 

   

Figure 2.4: An example of FM appearance and a measurement picture of the FM type used in 

this study. (Source: http://www.radoncvic.com.au/rt_prostate_IMRT.html) 

 

The implantation procedure is performed under trans-rectal ultrasound guidance by a 

well-trained radiologist. The position of FMs within the prostate is known to be very 

stable over time [25, 27, 28], however as a precaution, a second CT scan is performed to 

check for FM migration approximately mid-way through treatment, for instance, after 15 

– 20 treatment fractions on a treatment containing 37 fractions. 

 

2.3.2 The computed tomography simulation 

The second step is the computed tomography (CT) simulation. The goals are to determine 

the treatment position to be used daily and to obtain the necessary images for treatment 

planning. The procedure is as follows. The radiation therapist places the patient in the 

treatment position into the CT scanner. A special foam device is used on the patient‟s 

legs to help the patient stay immobile in a specific position during the simulation. This 
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foam device is also used for the treatment in order to obtain the same position daily, as it 

is important that the patient can maintain that position. Next, external radiopaque markers 

are fixed to the patient where the CT lasers intersected their skin and images of the 

treatment area are taken in the treatment position. Following the image acquisition, the 

radiation therapist replaces the radiopaque markers with permanent tattoos on the skin for 

the daily positioning of the patient, and a radiation therapy treatment plan is formulated 

using special treatment plan software (TPS). The goal of the treatment plan is to deliver 

the appropriate dose to the tumor while minimizing the dose to the surrounding normal 

tissues. 

 

2.3.3 Creation of the digitally reconstructed radiographs 

The third step involves the creation of digitally reconstructed radiographs (DRRs), in 

order to verify that the patients are positioned in the same manner at treatment as at the 

CT simulation. A DRR image is the approximation of an X-ray image (2D) from 3D CT 

data using a virtual X-ray source. To extract a 3D coordinate dataset, two perpendicular 

views are necessary. Figure 2.5 presents the 3D axis location relative to a patient.  

 

Figure 2.5: Anatomical directions: anterior and posterior, right and left, and superior and inferior. 
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In this study, the anterior view has been used for the inferior/superior and right/left 

coordinates and the left lateral view was used for the anterior/posterior coordinates. 

Figure 2.6 shows an example of DRRs for the anterior (left image) and left lateral view 

(right image). Because of the presence of the pelvic bone and a greater tissue dept in the 

left lateral view, these images are much noisier than those from the anterior view. The 

poor quality of these images makes the visualisation of the FMs in this view difficult, 

especially for the electronic portal image (EPI) discussed later in this chapter. 

Consequently, the inferior/superior coordinates are typically extracted from the anterior 

view. 

  

  

Figure 2.6: DRR of the anterior view (left image) and the left lateral view (right image). 

 

2.3.4 Creation of the FM template 

Following creation of the DRRs, the anterior and left lateral FM templates are created. 

An FM template is a DRR with the FM contours, the planned radiation field of aperture, 

and the pelvic bony anatomy outlined (see Figure 2.7 left). The resulting images and 

meta-information are saved in a DICOM file. 

 

2.3.5 Daily treatment delivery 

The last step is the daily treatment delivery. Patients are positioned in the treatment room 

by aligning their tattoos with the treatment room lasers and electronic portal images 
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(EPIs) of the anterior and left lateral view are acquired. An electronic portal image is an 

X-ray transmission image acquired using an electronic portal imaging device (EPID). The 

resulting digital image is similar to an X-ray film image. Consequently, the two EPIs 

acquired show the same patient anatomy area as shown in the DRRs. Figure 2.7 presents 

an anterior DRR image and the corresponding EPI. 

 

 

Figure 2.7: Side by side, anterior DRR with the FM template, and the corresponding anterior EPI 

after having been enhanced by the standard enhancing software. 

 

After anterior and left lateral EPI are acquired, a radiation therapist performs the FM 

localization manually in the two images using specialized image annotation software. 

Couch shifts calculations are made to align the patient as required by the treatment plan, 

and the treatment is delivered. The resulting displacements are saved in an in-house 

database for each marker individually. This database was later used as ground truth for 

the algorithm performance analysis. 

 

2.4 Localization of fiducial markers 

The manual localization of the fiducial markers (FMs) is tedious and time consuming. 

The automation of the treatment delivery can be done by replacing the manual FM 

localization procedure described in 2.3.5 by an automated algorithm. Several automated 

techniques exist but none of them meet clinical performance requirements. This work 

proposes a new approach that improves the state of the art of automatic FM detection 

techniques.  Chapter 3 presents related work on automatic FM detection. 
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3 d 

 

 

 

Chapter 3 

 

 

 

Related work 

 

The automatic detection of fiducial markers for Image-Guided Radiation Therapy (IGRT) 

is a problem that researchers have been trying to solve for the last two decades.  This 

problem has been studied in the literature for different type of cancers, including brain, 

spine, liver, lung, and prostate since at least 1994 [29]. However, only 6 of these studies 

[10, 30-34] are related to the IGRT treatment for prostate cancer. The clinical procedures 

that generate the image dataset used by these studies are also diverse enough to make the 

direct comparison of the techniques developed in these studies nearly impossible. The 

first section of this chapter presents a description of the challenges involved in the direct 

comparison of the state-of-the-art automatic fiducial markers detection techniques. The 

second section describes the 6 fiducial marker detection techniques proposed for prostate 

cancer. The third section overviews approaches developed for other types of cancer with 

potential applicability to prostate cancer.  

 

3.1 Clinical factors affecting the direct comparison of automatic fiducial marker 

detection techniques 

3.1.1 IGRT for prostate and other types of cancer 

As previously mentioned, fiducial markers are used for the IGRT of many types of 

cancer. However, differences between anatomical structures, their physiology, and/or the 

shape and role of fiducial markers result in different challenges involved in the automatic 
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detection of the fiducial markers. For example, for brain [35-36] or spine [37-38] cancer, 

fiducial markers are inserted inside the bone and consequently cannot move. Thus, the 

inter-marker distance and the location of each fiducial marker relatively to bony structure 

are constant, which simplifies the fiducial marker detection process by removing some 

unknown variables such as the fiducial marker orientation and size. Unfortunately, 

because the prostate is a soft tissue that regularly moves and rotates, none of the previous 

assumptions can be made.  

A comparison can also be made between prostate, liver, lung and pancreas cancers, 

because all these structures are soft tissues that can shift, rotate and lightly change shape. 

This comparison is even more interesting because fiducial marker tracking is the primary 

option for treating tumors in soft tissues, such as those in the liver, lung and pancreas, 

where no nearby bony structures can be used as references [34]. However, due to their 

anatomical location, liver, lung and pancreas images analysis do not have to mitigate the 

impact of major bony structures such as the pelvic bone in the special case of prostate 

cancer. The pelvic bone is a very big and thick structure that significantly impacts the 

quality of the images compared to the spine and skull bony structures. The presence of 

the pelvic bone in the left lateral view for prostate cancer is an important limiting factor 

in the IGRT success [10, 30-34].  

 

3.1.2 Fiducial marker size and shape 

Fiducial markers used in IGRT are available in various sizes, shapes, and materials. 

Figure 3.1 presents samples of three different types of fiducial markers. The screw 

(Figure 3.1 a) is typically used for bony structures like the spine [38], while the spherical 

and cylindrical markers (Figures 3.1 b, c) are used for soft tissues.  Fiducial markers with 

a larger size increase the marker visibility in the EPI, but also increase the patient 

discomfort. Thus, the clinical goal is to find the best compromise between fiducial 

marker visibility and patient comfort. None of the studies presented in Table 3.1 have 

used the same combination of fiducial markers size and shape within their studies.  

In the case of automatic fiducial marker detection for prostate cancer, both spherical 

[31, 33] and cylindrical [10, 30, 32, 34] markers have been used. None of these studies 

have been performed using the same combination of fiducial marker size and shape. 
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Table 3.1 shows the detailed description of the fiducial marker useda by each of the 6 

previously mentioned studies. 

 

               

     (a)                                    (b)                                       (c) 

Figure 3.1: In (a), a stainless steel screw, in (b) 3 different sizes of cylindrical gold marker and in 

(c) three spherical gold markers. (Source: http://www.tru-med.com/localization/implanted-gold-

fiduciary-markers.html and http://www.hzproduct.com/pro/titanium-screws-ma-140674.html) 

 

Study 

reference 

number 

Experimental parameters 

Marker size 

and shape 

Marker 

location 

Test lateral 

view 
Exposure EPID 

Nederveen [30] 

Cylinder 

(1.0 X 5 mm) 

(1.2 X 5 mm) 

(1.0 X 10 mm) 

Skin 

(beam exit) 
Yes 18 MV

**
 

Heimann a-Si 

flat panel 

Buck [31] 

Sphere 

(1.0 mm) 

(1.5 mm) 

(2.0 mm) 

Skin 

(beam entry) 
No 15 MV 

IView
GT

 a-Si 

flat panel 

Aubin [32] 
Cylinder 

(1.6 X 2.6 mm) 
Prostate Yes 75 MU 

BeamView
Plus

 

camera 

Balter [33] 
Sphere 

(1.6 mm) 
Prostate Yes 6 MV 

Theraview 

camera 

Harris [10] 
Cylinder 

(1.0 X 8 mm) 
Prostate Yes 6 MV Elekta SLi 

Mu [34] N/A 

Prostate 

Lung 

Liver 

Spine 

Yes N/A 
CyberKnife 

System 

 

Table 3.1: Comparison of test configurations of 6 studies using five criteria. In the table, MV 

stands for Megavoltage, MU for Monitor Unit and N/A for Not Available. 
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3.1.3 Exposure, image quality and type of imager 

Another major difference between the studies presented in table 3.1 is the amount of 

radiation used to generate the electronic portal images. The higher the amount of 

radiation, the higher the quality of the images is. However, the clinical goal is to 

minimize the amount of radiation delivered to patients. The type of image procedure will 

also have a significant impact on the image quality. For example, in radiosurgery the 

treatment dose is delivered in a much smaller number of fractions (usually 3 to 5) 

compared to radiotherapy (up to 40), therefore the dose administered to the patient in 

each radiosurgery treatment fraction is significantly higher, which increases the quality 

and contrast of the images [34]. 

 

3.1.4 The fiducial marker location 

Two major differences between the studies presented in [10, 30-34] are the location of 

the marker (inside or outside the body), and whether the experiment involves the use of 

the lateral view. With the exception of [30, 31], all experiments have been performed 

using fiducial marker located inside the prostate gland [10, 32-34]. These two studies 

have used fiducial markers placed over the patient skin at the radiation beam exit [30] 

and at the radiation beam entry [31]. The impact of such approaches is significant. Due to 

the EPID configuration, placing the fiducial markers at the beam exit will make the 

fiducial markers appear smaller in the image and therefore arguably more difficult to 

detect then the fiducial markers positioned inside the prostate or at the beam entry. 

However, placing the markers at the beam exit will attenuate scatter from the patient and 

the fiducial markers will have greater contrast then the markers located inside the prostate 

or at the beam entry, which will improve the possibility of successful detection. Also, 

having the fiducial markers place outside the prostate do not record the prostate position. 

Thus there is no value gained over the utilization of bony anatomy instead of fiducial 

markers. 

One may conclude that the comparison of different studies for fiducial marker 

detection is not a simple operation, even if only one of the experimental parameters is 

different. 
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3.2 Automatic fiducial marker detection techniques for prostate cancer 

For prostate cancer, 6 different technical approaches for the automatic detection of 

fiducial markers can be found in the literature. As mentioned before, the visual 

identification of markers on portal images is not trivial, mainly due to the low contrast 

and signal to noise ratio of the EPI images.  

Most proposed techniques rely on template matching with kernels that are constructed 

using a priori knowledge about the marker geometry and size. Nederveen et al [30] used 

a rectangular marker extraction kernel (MEK) for modeling the appearance of cylindrical 

fiducial markers. The MEK is a template that is convolved with the image and gives a 

maximal response when it is aligned with a marker-like shape in the image, and zero if 

convolved with a constant-intensity background. The MEK used in [30, 39] uses integer 

values as weights of pixels within the MEK. In [40], Nederveen et al introduce a new 

continuous function to generate the pixels weights and integrates the fiducial marker‟s 

angular orientation in their prior knowledge.  

Buck et al [31] used a similar convolution approach to Nederveen et al [30], but they 

replace the MEK by the Mexican Hat Filter (MHF). In order to construct a MHF for the 

detection of markers which have a well-known size and a spherical shape in the study in 

[31], Buck et al use the fact that the marker shape in a portal image is similar to a 2D 

Gaussian. Thus, an ideal marker shape is computed by fitting a 2D Gaussian to the EPID 

signal of a fiducial marker. This ideal marker shape is further used as a template for the 

convolution. 

Aubin et al [32] also used a template-based approach by convolving a unit ring and unit 

circle templates with a pre-defined search region in order to create a “contrast” image; 

large values in the “contrast” image signal locations where marker shapes are found. A 

complete description of the 7 processing steps to implement the algorithm in [32] is given 

by Pouliot et al in [12]. They were the first to use a prostate motion study such as [40-41] 

in order to propose an approach that considers the inter-marker distances via an iterative 

approach named attenuation analysis. This iterative algorithm considers the maximum 

possible inter-marker displacement reported in the literature into the selection process of 

the most probable fiducial marker location for fiducial markers within the same view 

(anterior view or left lateral view). Finally, the poor quality of the electronic portal 
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images in term of signal to noise ratio and level of contrast was also highlighted by Aubin 

et al [32]. They solved this problem using a contrast limited adaptive histogram 

equalization algorithm. However, during our preliminary experiment, we empirically 

observe poor performance of this algorithm on our image dataset.  

Other techniques rely on manual initialization of the automatic detection process. For 

instance, Balter et al [33] created marker reference images from the manually segmented 

portal images corresponding to the first day of treatment. These reference images are 

cross-correlated with images from subsequent days, in order to detect the pixels with the 

highest correlation.  

Harris et al [10] re-implemented the automatic detection methods in [30-33] and 

compared them on the same image dataset. They concluded that none of these methods 

meet clinical performance criteria for fully automated marker detection. The cross-

correlation technique using manual initialization presented by Balter et al [33] gave the 

best results. The reasons for the limited performance of the fully automatic detection 

methods of marker detection are similar to the challenges encountered in the manual 

identification process (poor contrast, poor signal to noise ratio, presence of bony 

structures). As shown in [10], current clinical practices involve team-based evaluations of 

difficult images, as well as image filtering with empirical, user-defined parameters.  

It is also difficult to compare the results obtained in [10] with the results presented in 

[30-33] due to the various algorithm implementation differences. An example of 

difference includes in [10] a better use of the prior knowledge obtained from the DRRs 

images generated at the time of treatment planning. This prior knowledge includes in [10] 

the position with respect to the isocenter, length, width and orientation of the fiducial 

markers, and the inter-marker distances. To support the utilisation of this prior 

knowledge, algorithmic implementations were modified. Another major modification was 

also performed on the algorithm in Aubin et al [32]. This algorithm, initially designed for 

spherical fiducial marker detection, was adapted for the detection of cylindrical markers. 

Mu et al [34, 43] presents a new technique based on the hidden Markov model (HMM) 

for the identification of multiple fiducial markers using context information such as inter-

marker distances. This was possible by formalizing the fiducial marker detection problem 

into a state sequence problem, which was used for the generation of a probabilistic 
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framework based on the HMM. They first tested the problem of fiducial marker detection 

for 3D images, for which it was possible to apply a classic Viterbi algorithm. Then, they 

addressed the problem of stereo projections of two perpendicular views by the creation of 

a modified HMM. This modified HMM consists of two parallel HMM connected by a 

novel association measure that captures the inherent correlation between two projections. 

This novel measure is called the concurrent Viterbi with association (CVA) algorithm. 

This algorithm was introduced in order to simultaneously perform the identification of 

fiducial marker contained in two perpendicular projections. One of the interesting 

elements of this study is that they are the first to propose a model that uses the common 

axis in two perpendicular views. They also claim that they meet the requirement for 

clinical use, which is usually 95% limit of agreement [22]. However, the performance of 

this approach depends greatly on the learning dataset. They also evaluated the 

performance of the algorithm on a very small image dataset and information about the 

image quality such as the megavoltage and monitor unit used for the acquisition is not 

provided, making an accurate comparison with other studies impossible. Therefore, it is 

very difficult to validate the claim that the algorithm meets the requirement for clinical 

use. 

 

3.3 Other approaches 

As mentioned in section 3.1, the fiducial marker detection approaches used for other type 

of cancer such as liver and lung cancer are often simpler than the approaches used for 

prostate cancer. Such simple algorithms are only suitable for detecting relatively big 

markers in images with sufficient contrast. Their performances are also significantly 

decreased for fairly noisy images at high energies and short exposures. Even the more 

complex approaches are still too simple for prostate cancer. A good example is the 

Girouard et al [44] approach that used region growing at local maxima to find markers. 

Whitehurst et al [45] use a hybrid template based on empirically measured fiducial 

kernels. Murphy et al. [46] use thresholding and convolution template-matching for linear 

fiducial markers, and edge enhancement coupled with Hough transform for spherical 

fiducial markers. These two approaches are very similar to the approaches proposed by 

Nederveen et al [30] and Buck et al [31].  
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There are also various other approaches for the localization of the prostate involving 

different imaging modalities such as Computed-Tomography (CT) or Ultrasound (US) 

imaging. For example, for fiducial markers implanted into the prostate, Koch et al. [47] 

achieve a very high detection success rate at a very high accuracy using 3D CT 

volumetric images. However, it is well known that CT images are of very high quality 

compare to EPI used for IGRT of prostate cancer. The used of 3D volumetric images is 

also significantly different when compared with the use of two 2D perpendicular views. 

The differences in the approaches become even more significant in algorithms using US 

imaging [22, 48-51]. Since US-guided treatment procedures do not require the 

implantation of fiducial markers into the prostate gland, the algorithms used to perform 

the prostate localization are completely different.  

Most of the techniques that use different modalities for image guidance such as CT or 

US cannot be used to solve the problem presented in this thesis. In the following chapter, 

we describe our proposed approaches to increase performance of currently existing 

fiducial marker detection techniques. 
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4 d 

 
 
 
 

 

Chapter 4 

 

 

 

Approach 

 

This chapter presents a novel approach to improve performances of current techniques for 

fiducial marker detection. Unlike most previous attempts to detect fiducial markers, our 

approach emphasizes the importance of pre-processing. The proposed preprocessing 

approach aims at enhancing the images prior to the actual detection process. Section 4.1 

describes the image enhancement process, while section 4.2 presents the detection 

approach. 

 

4.1 Image enhancement 

Since visual information plays an important role in image guided radio-therapy, quality 

of the images involved has an important impact on the treatment success.  Electronic 

portal images (EPIs) are inherently of poor quality compared to x-ray images since they 

are acquired using megavoltage radiation.  In addition, EPIs acquired prior to radiation 

treatment (as in this study) are low dose images, further reducing image quality. To cope 

with this poor quality, radiation therapists and medical physicists need to manually adjust 

image parameters in order to be able to visualize and localize the fiducial markers (FMs) 

at the beginning of each day of treatment. The localization of fiducial markers is essential 

for the proper alignment of the patient for external radiation therapy. There is no 
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systematic procedure currently in place for this parametric adjustment. This adjustment 

process is therefore time-consuming and prone to human error.  

 

This section describes our proposed automatic technique for image enhancement. This 

technique [11, 52] is designed to replace the above-mentioned manual adjustment 

process. 

There are many challenges involved in the automation of an image enhancement 

algorithm for FM detection. The signal-to-noise ratio and image properties such as 

average contrast and intensity vary significantly across patients, and even for the same 

patient across different image acquisition sessions. Moreover, the small size of the targets 

(the FMs) makes it very difficult to distinguish them from noise, and hence to enhance 

them. 

Our approach addresses the challenges above by using a contrast enhancement scheme 

based on functioning of the human visual system (HVS). We were inspired in our choice 

by the capacity of adaptation of the HVS to a wide range of intensities and contrasts, and 

by its ability to detect objects of small size [53]. The contrast enhancement technique 

finds the optimal enhancement parameters for a specific input image while maintaining 

the anatomical structures such as bones clearly visible on the output image and without 

losing local information such as fiducial markers. The visual context (i.e. bones etc) is 

very important because it is not possible to localize the fiducial markers in the absence of 

context.  

Figure 4.1 presents a modular diagram of the proposed technique where the results of 

each processing step are visualized on a typical sample image from the experimental 

database. The main contribution of our image enhancement approach lies in the 

automatic computation of all the algorithmic parameters, which is based upon the use of a 

quantitative metric for contrast enhancement and a systematic search approach. The 

remainder of this section outlines the rescaling, median filtering, logarithmic 

transformation, noise filtering, contrast enhancement and parameter optimization.  

 

 



 25 

 

Figure 4.1:  Modular decomposition of the proposed approach where the results of each 

processing step are visualized on a typical sample image from the experimental database. From 

the original image to the final image, the steps are: linear brightness rescaling, median filtering, 

logarithmic transformation, noise filtering, contrast enhancement, and exponential transformation. 

 

4.1.1 Rescaling 

Brightness rescaling is performed via a linear transformation that increases the image 

contrast by redistributing the brightness levels over the whole brightness scale [1]. As 

shown in Figure 4.1, the input image shows no structural information. This is because the 

brightness levels in the original image are concentrated in less than 3% of the available 

range. Out of 65,536 available gray levels for 16 bit input images, the information is only 

encoded on gray levels located inside the [32,000-34,000] range. Therefore, the 

brightness rescaling process redistributes linearly the pixel gray levels in order to use 

100% of the available range. Figure 4.2 presents the linear transformation graph applied 

to an electronic portal image. Such operation outputs an image where the field of 

treatment becomes visible, although the image contrast is not high enough for bones and 

for fiducial markers to be visible. 
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Figure 4.2: Linear rescaling graph and its impact on the original image. The graph in the middle 

presents the linear transformation in brightness distribution, where origin corresponds to 0 and the 

end of the graph 65,535 for both axis. 

 

Histogram equalization is another popular technique for enhancing the image contrast 

[1, 20]. In our application, we found that histogram equalization tends to over-enhance 

the image contrast if there are high peaks in the histogram, often resulting in a harsh, 

noisy appearance of the output image [20]. Thus, the linear rescaling approach has been 

preferred to other techniques, such as histogram equalization, because of the reduction of 

image distortions on the edges of the field of treatment. 

 

4.1.2 Median filtering 

Median filtering is a non-linear smoothing method, which is performed with minimal 

blurring of the edges [1]. Median filtering achieves multiple goals such as reducing salt 

and pepper noise, preserving edges, and removing image granularity in EPI images [54]. 

The impact of the median filtering is not obvious in the image shown in figure 4.1.  To 

become aware of this impact, Figure 4.3 shows side by side the final image obtained with 

and without the median filtering step; one can see here that median filtering has a 

significant effect on the final output of the proposed approach. Based on our experimental 

observation, we applied the median filtering before noise filtering because the noise 

filtering performs better on median-filtered images. A 3x3 window has been used for the 

median filter. 
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         (a)          (b) 

Figure 4.3: Output images without median filtering in (a) and with median filtering in (b). 

 

4.1.3 Logarithmic transformation 

The human visual system has inspired many image processing models and algorithms 

[24]. Thus, based on the fact that the human visual perception is a logarithmic process, 

working in the log-space is suitable for obtaining output images of higher quality.  

The human perception of intensity levels is logarithmic, which means that when the 

background is bright, a larger difference in gray scale levels is needed to discriminate the 

object from the background. Conversely, humans perceive finer intensity differences on a 

dark background. Figure 4.4 illustrates logarithmic perception with an example. The gray 

scale is uniformly quantized into a number of 11 bins. A human observer has much 

difficulty to perceive the difference between the last two bright gray-level bins; it is much 

easier for him to discern between the first two dark adjacent gray level bins. The 

logarithmic grayscale perception is important for the detection of FMs that are projected 

onto bone regions. Bones correspond to very bright areas in EPI images and FMs are 

small objects slightly brighter then bone. Thus, it will be impossible to detect a FM over a 

bone if logarithmic image perception is not considered in the image enhancement 

process. The advantage of using the visual perception as a visual quality reference is that 

easier it is to see a fiducial marker, easier it will be to detect this fiducial marker.  
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Figure 4.4: Illustration of the logarithmic human visual perception. 

 

After noise filtering and contrast enhancement step, the images are converted back into 

the initial domain by calculating the image exponential. The figure 4.1 shows the exact 

location of this final conversion into the processing sequence. 

 

4.1.4 Noise filtering 

Noise amplification is a typical side effect of contrast enhancement. Thus, noise removal 

is usually implemented as a low-pass filter (LPF) prior to contrast enhancement. 

However, this standard approach does not work for the task at hand. The small size of 

markers is very close to the size of noise induced artefacts and thus, it is possible to erase 

a marker by applying low-pass filtering. We use therefore a homomorphic filter, which 

affects the low and high frequency components in different controllable ways. A 

homomorphic filter can be described as the weighted sum of low-pass and high-pass 

filters [54-57]. This approach enables us to safely remove the image noise and increase 

the contrast at the same time [54, 57].  

The low-pass and high-pass filters are both implemented as unit-gain Butterworth 

filter. Filtering is performed by multiplying the Fourier transform of the image with the 

Fourier transform of the filters. The equations below represent the low-pass (4.1) and 

high-pass (4.2) filter transfer function: 
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where n is the filter order, 
c
 the cut-off frequency and (u, v) the 2D coordinates of 

point  in the frequency domain. The cut-off frequency and order of the low-pass and 

high-pass filter are ( 33,11.0 n
c

) and ( 52,0039.0 n
c

) respectively. 

Equations (4.3), (4.4) and (4.5) are the mathematical representation of the filtering 

process in the frequency-domain: 

 

)),((),( yxfFFTvuF   (4.3) 

),().(),(' vuHvuFvuF   (4.4) 

),('(),(' vuFIFFTyxf   (4.5) 

 

where ),( yxf  and ),(' yxf  are the original and filtered image in the spatial domain, 

),( vuF  and ),(' vuF  are the original and filtered image, in the frequency domain and the 

abbreviation FFT and IFFT stand for the Fast Fourier Transform and the Inverse Fast 

Fourier Transform. 

As shown in Figure 4.1, the parameters of the homomorphic filter are the weights HP  

and LP  of the high-pass and low-pass filters respectively. These parameters are set to 

optimal values, as described later in 4.1.6. Figure 4.1 shows that the output of the noise 

filtering module starts revealing the bony anatomy and the fiducial markers. However, 

the image is blurred, which is why contrast enhancement is further performed. 

 

4.1.5 Contrast enhancement 

The contrast enhancement step is based on the Deng et al [58] technique for log-ratio 

enhancement. The choice of this technique is based on its ability to enhance 

simultaneously the overall image contrast and the sharpness of the edges while avoiding 

noise amplification, unlike other techniques such as unsharp masking [54, 59]. Other 
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studies [60, 61] have also highlighted the good performance of this approach in noisy 

conditions, and its ability to preserve the image appearance. Therefore, it is suitable for 

revealing both fiducial markers and the bony anatomy in portal images. The adopted 

technique is described by equation (4.6). 

 

))),(),((()),((),(' yxAyxFyxAyxF  (4.6) 

 

where F(x,y) and F’(x,y) represent the logarithms of the input and output images 

respectively, and A(x,y) is the blurred version of F(x,y). The blurred version of the images 

is obtained by averaging the value of the gray tone function of a (n x n) window centered 

at pixel position (i, j) using the logarithmic operators. The symbols ,  and  denote 

operators for logarithmic addition (4.7), subtraction (4.8) and multiplication (4.9) and are 

represented by the following equations:  

 

M

gf
gfgf   (4.7) 

gM

gf
Mgf    (4.8) 

MfMMf 1  (4.9) 

 

where f and g are two gray tone values and M is the maximum gray-level value. 

Parameters  and  control the weight of the low frequency component A(x,y) and the 

high-frequency component F(x,y) A(x,y) of the enhanced image, respectively. The 

values of these two parameters are automatically selected using the parameter 

optimization technique presented in 4.1.6.  

A multi-scale approach for the Logarithmic Image Processing (LIP) model is also 

introduced in [62, 63]. This approach should help to reduce the noise amplification 

problem common in contrast enhancement. However, after visual inspection of the results 

and the quantitative evaluation of the parameter optimization results, it has been found 

that the best results were obtained without the multi-scale approach. 
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4.1.6 Parameter optimization 

Our approach for automatic contrast enhancement has four parameters, namely LP  and 

HP  for noise removal, and  and  for the log-ratio enhancement. Due to the large 

variability in image properties, it is impossible to empirically find a unique set of 

parameters to work for the entire database. It is also highly desirable to achieve an 

automatic selection of these parameters values. Therefore, the LogAMEE metric for 

contrast proposed in [64] has been adopted. This metric has been selected after careful 

consideration of several other contrast metrics due to the fact that it returned maxima that 

were consistent with human evaluations of good contrast. The main problem of the other 

metrics, such as the Mean Square Error (MSE) or the Peak Signal to Noise Ratio (PSNR), 

is their inability to assess image similarity across different distortion types [65, 66], such 

as salt and paper noise and image granularity. Consequently, these methods are unable to 

find a unique contrast optimization configuration. This is illustrated in Figure 4.6, where 

four images are considered equivalent by the MSE and PSNR, but their appearance is 

significantly different. Figure 4.5 presents results samples of the systematic search using 

the MSE (4.5-a) and the PSNR (4.5-b) for the contrast enhancement algorithm. In both 

graphs, it is interesting to note that the best parameter configuration is located in the 

region where the measurements reach a constant value, making the selection of a unique 

configuration impossible.  
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Best parameters 

combination 

 

(a) 

 

 

Best parameters 

combination 

 

(b) 

Figure 4.5: Systematic search results for the contrast enhancement algorithm using the MSE (a), 

and the PSNR (b). 

MSE 

PSNR 
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Figure 4.6: Presentation of four images enhancement results that are significantly different but 

considered equivalent by the Mean Square Error and the Peak Signal to Noise Ratio. 

 

The LogAMEE equation (4.10) represents the average contrast entropy for the k1 by k2 

image block, where the contrast is defined by the Michelson contrast law using the 

logarithmic operator previously defined. 
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The symbols ,  and  denote operators for logarithmic addition, subtraction and 

multiplication define in the previous section. The value of k1 and k2 was determined using 

a fixed block size of 4 by 4 pixels. The Michelson contrast law is defined by the equation 

(4.11): 
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where 
max

I  and 
min

I  are the maximum and minimum intensity values of a given block 

I(i,j) in (4.10) and C is the contrast measure. Entropy is a property that measures the 

disorder within the system and is widely used in thermodynamic, physics, economics, 

statistic and many others fields. In this study, entropy is used to measure the image 

contrast for a given image block and is defined by equation (4.12): 
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where C is the Michelson contrast measure in equation (4.11). To find optimal 

parametric values, the contrast metric has been considered first as a function of LP , HP , 

and next as a function of , , as follows: 
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The range of values considered for ( LP , HP ) and ( , ) is consistent with the 

suggested value in [64]. Fig. 4.7 and 4.8 shows examples of computations of optimal 

values for ( LP , HP ) and ( , ) respectively. The most computationally intensive part 

of the proposed approach is the search for the optimal parameters. To perform the search 

at reasonable computation times, the range of parameters has been limited as shown in 

equations (4.13) and (4.14). The quantization step is 0.1 for LP and HP, 0.01 for , and 1 

for .  
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Figure 4.7: Example of determination of LP, HP. 

 

 

 

Figure 4.8: Example of determination of  and . 
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4.2 Fiducial marker detection 

Many image processing techniques are available to detect objects within an image. They 

are useful for a large range of computer vision applications [1, 54, 57]. Within the context 

of fiducial marker detection, methods for the automated detection of fiducial markers in 

prostate electronic portal images (EPIs) are reported in [10, 30-34] (see Chapter 3 for 

more details about these methods). A comparative experimental study of these 

approaches [10] concluded that the full automation of fiducial marker detection is not 

feasible yet. The failure of the automatic detection of FMs in EPI images is due to the 

fact that EPIs are very noisy, have poor contrast and resolution, and the size of the FMs is 

very small, varying from 2x2 and 2x9 pixels. 

The detection of small objects is challenging, mostly because small objects contain a 

very limited amount of structural information such as contour shape, corner and texture. 

The lack of structural information for the fiducial marker detection has been observed in 

a preliminary study that we have performed in the context of this project. This early 

experiment used the Harris corner detector [1, 67] in order to extract points of interest on 

the markers. The Harris corner detector has a strong invariance to rotation, scale, 

illumination and image noise [68]. With such interesting characteristics, the Harris corner 

detector seemed to be a good choice for the task at hand. However, the preliminary study 

has shown that this detector resulted in many false and missed detections. This is 

explained by the blurred appearance of the FMs and their complete absence of sharp 

corners. Figure 4.9 presents a sample result of corner detection, where one may note the 

false and missed detections. 
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                                  (a)                                                             (b) 

Figure 4.9: Sample image of the result obtained using Harris corner detector. In (a) the original 

image with the FM locations marked using green dot and in (b) the processed image where a 

white square is drawn around each detected corner. 

 

An interesting alternative is to use the spatial information contained in the inter-marker 

distance. It is known that the position of the fiducial markers within the prostate is 

relatively stable over time [25, 27, 28]. In previous work [10], this information has been 

used only for FM locations belonging to the same view, thus creating a 2D model of FM 

configurations. Our detection approach is based on the common axis shared by two 

perpendicular views, and aims at creating a 3D model of FM configurations. We propose 

a new method for integrating the information from 2 orthogonal views into a 3D model. 

The main reason for using a 3D model of inter-marker distances is the ability to decrease 

the incertitude about the locations of FMs that are occluded by bony structures. This is 

especially true in the left lateral view where the contrast is significantly poorer, which 

makes the detection of FMs on this view very difficult. We also propose to combine this 

new approach with a shape analysis technique for filtering out FM locations that do not 

match the shape of a FM. Figure 4.10 presents the diagram of our proposed approach for 

the FM detection. All processing steps of the proposed approach are detailed in the 

following subsections.  
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Figure 4.10: Block diagram of the proposed FM detection process. 
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4.2.1 Prior knowledge 

Similarly to the automatic FM detection algorithm in [10], prior knowledge about the 

markers was used to improve the detection efficiency. This knowledge is usually 

obtained from the digitally reconstructed radiographs (DRRs) generated at the time of 

treatment planning and includes: 

 

 Length, width and orientation of each FM; 

 Pixel coordinate of each FM in the DRRs; 

 Distance of each axis from the origin of the radiation field of aperture in the 

DRRs. 

 

Unfortunately, in our database the length, width and orientation of the FMs were not 

available in the DRRs. Instead, this information was extracted from the electronic portal 

image (EPI) of the first day of treatment. The same images are used for the manual 

generation of the FM templates used by the template matching algorithm (see section 

4.2.5). The following section describes how we used the prior knowledge to extract the 

region of interest in the EPI. 

  

4.2.2 Extraction of the region of interest 

The region of interest (ROI) is a selected section of the image within which the fiducial 

marker can be considering its maximum possible displacement. The extraction of the ROI 

is usually a processing step barely described due to the simplicity of the task. However, 

because the FM locations are only available in pixel coordinates relative to the DRRs, it 

is necessary to convert the FM locations from the DRR to the EPI pixels coordinate 

system. The conversion is realized by converting the DRRs pixel coordinates relative to 

the radiation field origin into distance (in millimeters) relative to the radiation field of 

aperture axis and then back into EPIs pixel coordinate relative to the image origin. Figure 

4.11-a presents a DRR image with annotations: the radiation field of aperture (in 

turquoise), the axis contour (in yellow), the origin (the yellow cross) and the FM contours 

(in blue, green and pink). Figure 4.11-b presents an EPI for which the positions of the 
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each axes are drawn around the radiation field of aperture (the darker region of the 

image).  

 

 

        

X1 X2

Y2

Y1

Origine of the 

radiation field 

of aperture

 

(a)                                                                   (b) 

 
Figure 4.11: Example of DRR and EPI with annotations. In the DRR (a): the radiation field of 

aperture (in turquoise), the axis contour (in yellow), the origin (the yellow cross) and the FMs 

contours (in blue, green and pink). In the EPI (b): the positions of the each axes are drawn around 

the radiation field of aperture (the darker region of the image). 

 

The five processing steps involved in this conversion are described below: 

 

1. Extraction of the DRR axis location: 

The first step consists in extracting the location of the axis from DRR images. These 

axis are the minimum and maximum location in X and Y of the radiation field 

aperture and are called X1, X2, Y1 and Y2 respectively (see the yellow rectangle in 

Figure 4.11-a). To extract these axis locations from the DRR, a systematic search has 

been done in the radiation field aperture data (turquoise line in figure 4.11-a) defined 

at time of treatment planning. The data are a list of points that represents the radiation 

field aperture contour. This step is important because the treatment region origins do 

not correspond to the image or radiation field of aperture origin, i.e., the distance X1-

origin ≠ X2-origin and Y1-origin ≠ Y2-origin (see figure 4.11-b).  
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2. Calculation of the DRR pixel size: 

To obtain the pixel sizes, it is necessary to first calculate the distance in pixels 

between the values X1 and X2, and Y1 and Y2 using the axis location previously 

found. Next, this distance is converted in millimeters using the distance of each axis 

from the origin of the radiation field aperture, available as prior knowledge (see 

section 4.2.1). The size of the radiation field of aperture for the x and y axes is simply 

the sum of the distance to the origin for the axis X1 and X2, and Y1 and Y2, 

respectively. The pixel size (in millimeters) is obtained by dividing the distance 

between each axis by the distance between each axis in pixels. 

 

3. From DRR pixel coordinate to distance in millimeters: 

At time of treatment planning, the position of each marker was manually recorded in 

the DRR by a radiation therapist and saved in pixel coordinates relative to the 

radiation field aperture origin. To retrieve the same position in the EPI, these 

positions were converted into distance (in millimeters) relative to the axis X1 and Y1. 

This can be calculated by retrieving the distance (in pixels) between each FM and the 

axis X1 and Y1, and multiplied the resulting distances by the pixel size.  

 

4. Extraction of the axis location and the pixel size from the EPIs: 

Since the radiation field aperture has to be retrieved in the EPIs, a technique different 

from the one for the DRRs was used. This technique involved three processing steps. 

In step 1, a 5x5 median filter removes the salt and pepper noise. Without this filtering 

operation, wrong or inaccurate axis location can be detected. In step 2, images are 

binaries in black and white by thresholding using the Otsu's method [69]. The 

resulting images show only the radiation field aperture (in black) and the background 

(in white). The last step uses the bounding box technique [1] to retrieve the radiation 

field aperture border. The coordinates of each axis location are extracted from the 

location of each side of the bounding box. Figure 4.12 presents an example of results 

for the anterior view (left) and the lateral view (right). Once the radiation field 

aperture axes is retrieved, the EPI pixel size is calculated using the approach 

described in step 2 of the current section. 
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Figure 4.12: Examples of result after the three processing steps were applied to the anterior view 

(in left) and the lateral view (in right). 

 

5. Calculation of the FM location in EPI pixel coordinate and ROI extraction: 

Finally, the FM coordinates are converted back into pixel coordinates relative to the 

EPI radiation field of aperture origin. This conversion is obtained by reversely 

applying the procedure described in step 3. Once the FM location is retrieved, a 

circular ROI is extracted from the EPI. The diameter of the ROI is empirically set to 2 

cm plus half the maximum marker size. This size was chosen in order to cover the 

maximum displacement of 1 cm [70] in every direction from the original FM 

location. Figure 4.13 shows ROI image samples extracted from EPIs where the FM is 

identified by a small red square at various locations inside the ROI. 

 

               
(a) 

 

 
(b) 

Figure 4.13: ROI image samples where  in (a) the FM is identified by a small red square at 

various locations inside the ROI and in (b), an enlarged ROI sample without red square. 
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4.2.3 Contour map generation 

A contour map is defined as a set of isolines obtained from gray level image. Often 

referred in related work as a contour line, an isoline defined as a curve connecting all 

adjacent points of equal intensity. An example of contour map using isolines is a 

topographic map on which the shape of the land surface is shown by isolines, the relative 

spacing of the lines indicating the relative slope angle and the isoline value represents all 

locations where the elevation is the same. Such a representation is useful in computer 

vision for the partition of an image into a certain number of regions and sub-regions. 

Regions of certain shapes and sizes can be detected and segmented from the image using 

simple shape descriptors such as size, aspect ratio, and eccentricity. This heuristic 

approach can yield good results for simple shapes like a FM.  

In this project, the contour map approach was used to remove regions of the image 

such as bones and artefacts that do not contain FMs. The contour map contains 32 

isolines. Consequently, the FMs have to be brighter than the background by 

approximately 8 gray-levels (out of 256, for an 8 bit image) in order to be represented by 

an isoline. This decision was made because it was empirically observed in this study that 

a visible FM is at least 25 gray-levels (out of 256) brighter than the background in the 

brightest area (see figure 4.4). Thus, the selection of this threshold ensures that at least 

one isoline will properly define the shape of a visible FM in the brightest areas of the 

image, but could be more. Figure 4.14 presents an example of contour map used for the 

detection of a FM with a contour interval of approximately 25 gray-levels out of 256.  

Poor signal-to-noise ratio can alter the shape of a FM by adding concavities to it. A FM 

with concavities has a smaller area and width then a FM without concavities. Considering 

the cylindrical shape of the FM, there is a risk to remove the FM during the shape 

analysis process. To solve this problem, all concave sections of all isolines have been 

removed using a convex hull algorithm. The convex hull of a region is the smallest 

convex polygon that can contain the region defined by the contour line. Figure 4.15 

presents a convex hull processing example where the green line is the original isoline and 

the gray line is the resulting isoline. We have adopted the convex hull algorithmic 

implementation described in [71]. 
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Figure 4.14: ROI with a clearly visible FM in white (left) and the corresponding contour map 

(right) where the pixel intensity value grow from dark blue for the black to red for the white. For 

a better understanding of the contour map image (right), the isoline density was decrease from 32 

to 10 contour levels. 

 

 

 

Figure 4.15: Convex hull processing example where the green line is the original isoline and the 

gray line is the resulting isoline. 

 

4.2.4 Contour map analysis 

The contour map analysis is a filtering process that removes every region whose shape 

does not match the FM shape. Shape description is performed by sequentially extracting 

and analysing the following features: area, width, length and orientation. The area 

feature measures the number of pixels composing a region, and can vary between 2 and 

33 pixels for FMs. Each region outside those values was removed. The width and length 

features were extracted from the bounding box of the region. The bounding box is 

defined as the rectangle of minimum area that bounds the region. Because the width value 
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is the same for all FM, only small FM width variations were observed. Thus the 

minimum and maximum width values were set to 1 and 6 pixels, respectively. The length 

was set to the FM length available in the prior knowledge pixels3 with a minimum of 2 

pixels.  

The remaining contours are filtered using the FM orientation in degrees. The 

orientation is the angle between the major axis length and the x-axis (horizontal axis). 

Because a circle cannot have an orientation angle, this feature was measured for FMs that 

have not been identified as circular from prior knowledge (section 4.2.1). To be 

considered in a good orientation, a region had to be into ±20º from the orientation given 

in the prior knowledge. This threshold has been chosen based on empiric observation and 

on the study in [10]. Figure 4.16 presents an example of contour map filtering based on 

the contour map of Figure 4.14. From left to right, the original image, the results of the 

filtering based on the area and the final output image after the filtering using the three 

previously mentioned shape descriptors. 

 

     

          a. Original image  b. Contour after area filtering     c. Final resulting image 

 

Figure 4.16: Example of contour map filtering based on the contour map of figure 4.15. From 

left to right, the original image (a), the results of the filtering based on the area (b) and the final 

output image after the filtering using the three shapes descriptors (c). 

 

The contour map analysis is applied on the anterior and left lateral views using the 

same parameters. If no region remains after filtering, the output image is replaced by a 

binary mask similar to the one presented in figure 4.17. This situation can happen if the 

FM is not visible, too noisy or outside the ROI.  
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Figure 4.17: Binary mask that replaces the contour output image when no region matches the 

filtering criteria. 

 

4.2.5 Template matching 

Template matching is a technique used in computer vision to find regions of an image 

that are similar to template images [72]. Template matching can employ either feature-

based matching or global matching strategies. The feature-based approach extracts 

features such as edges or corners, and performs matching on these features only. Global 

approaches use the initial template and compare it to the image using metrics such as the 

Sum of Absolute Difference, Sum of Square Difference and Normalized cross-correlation. 

These metrics determine the best location of the match by testing all the candidate 

locations within the search image that the template image may match up to. The 

candidate locations are represented by local maxima in the metric used for the template-

image comparison. 

Our goal is to detect regions in the image that correspond to a template. The feature-

based approach is useful in situation where the template possesses strong features. Since 

FMs possess a limited set of features, a global approach was chosen. Based on the good 

results obtained in [10], the Normalized Cross-Correlation was chose for the similarity 

measure and is computed by the following equation: 
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where t  is the average of the template and 
vu

f
,

 is the average of ),( yxf  in the image 

region in correspondence with the template. The output of the equation (4.15) is a matrix 

of correlation coefficients having the same size as the search region. The closer to zero a 

correlation coefficient is, the less similar the template is to the image region under 



 47 

consideration. The location of best match corresponds to the maximum value of the 

correlation coefficient. Figure 4.18 shows the correlation coefficient matrix generated by 

the template matching algorithm where the best match is in the brightest area in the 

image. 

 

   

               Original image        Correlation coefficient matrix 

Figure 4.18: Left: Original Image; Right: The correlation coefficient matrix generated by 

template matching. The template is show in figure 4.19. 

 

Similarly to the implementations in [10, 33], the templates were manually extracted 

from the EPI acquired at the first day of treatment and then matched with images 

acquired on each subsequent treatment day. Figure 4.19 shows an example of FM 

template used for the matching. 

 

 

Figure 4.19: Example of FM template created from the EPI of the first day of treatment. The FM 

is presented at three different scales for visualization purposes. 

 

The FMs are also able to slightly rotate within the patient. Only in-plane rotation was 

considered in this study. As highlighted in [10], the template matching method is not very 

sensitive to out-of-plane rotations that are affecting the length of the markers. 

Consequently, the impact of an out-of-plane rotation should not significantly affect the 

detection efficiency. Thus, the FM templates were rotated in-plane in steps of 3º through 

±20º from their original orientation and the template matching process executed 

sequentially for each angle. From the 9 correlation coefficient matrices generated, only 

the maximum has been saved in the final correlation coefficient matrix. Figure 4.20 

6x 12x 
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presents the correlation coefficient matrix calculation procedure using the template 

matching algorithm. 
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Figure 4.20: Correlation coefficient matrix calculation process using the template matching 

algorithm. 
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4.2.6 3 Dimensional data projection 

All previous FM detection studies [30-33] obtain good results for anterior views and poor 

results for left lateral views. These poor results can be explained by the anatomy of the 

pelvic bone, which is thin in the anterior view, but very thick in the left lateral view. This 

is why the FMs are very difficult to see over the pelvic bone in the left lateral views. This 

is an important concern because it is not possible to extract 3D coordinates from only one 

view. The comparative study in [10] also demonstrated that the inter-marker distance 

within a view (anterior or left lateral) helps to improve the FM detection success rate. 

Since the limiting factor to clinical applications is the detection success rate in the left 

lateral view, we propose to improve the inter-marker distance approach in [10] by 

correlating the information contained in the anterior and left lateral views along the 

common axis z. 

Our goal is to minimize the impact of the presence of bony structures on the FM 

detection process. The new method has the potential to increase the detection efficiency 

and accuracy in both views. Our approach correlates the two perpendicular views using 

the correlation coefficient matrix generated using the template matching algorithm 

(section 4.2.5). The goal of this approach is to create a map of weighting scores for 

possible FM locations. This map will be further used to improve the robustness of 

template matching. 

Because the images of each view have a different dimension (in pixels), the correlation 

matrices were first resized in order to have the same common axis dimension using the 

bicubic interpolation technique [1]. Once resized, the images are placed side by side 

using the common axis, forming a matrix (x,y,z) having the shape of a rectangular 

parallelepiped. This new matrix was filled with data by projecting the value of each 

correlation matrix inside the parallelepiped. Figure 4.21 illustrates the projection process. 

The sum of each intersection point become the new score value inside the 3D correlation 

matrix. Equation 4.16 describes the new score value calculation from the two 

perpendicular views projection where δ is a correlation matrix: 
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Figure 4.21: Projection of the coefficient correlation matrixes of the anterior and left lateral 

views (section 4.2.5) inside the rectangular parallelepiped using the common axis y. 

 

Using this 3D matrix, it is now possible to generate a new 2D matrix of weighting 

scores for each view that takes in consideration the information contained in their 

respective orthogonal view. These new matrixes were produced by creating a new 

coefficient correlation matrix, similar to the matrix generated using the template 

matching algorithm, except that each value is replaced by the maximum value found 

inside the rectangular parallelepiped along the projection line of each correlation 

coefficient for each view respectively. Equation 4.17 describes for each view the new 

score value calculation from the parallelepiped data where δ is a correlation matrix: 
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However, it is not possible to perform an exact search for the maximum value because 

the common axis between the two views is not 100% accurate. For example, the value of 

a point inside the parallelepiped at position (x,y), where y is the common axis, will be a 

search for the maximum value on the z axis ±3mm on the y axis. The 3mm offset error 

was chosen based on the fiducial marker motion study between FM realized using the 

British Columbia Cancer Agency validation data. The analysis compares the FM 

displacement using the common axis. For all validated cases, the measured displacement 

difference was always smaller than 3 mm for markers that have been successfully 

localized by the radiation therapist. For validated cases, the localization errors were all in 

the left lateral view.  

The score values in the resulting correlation matrixes are high only if there is the 

intersection of two high score values inside the parallelepiped. For instance, considering 

the fact that based on the common axis the marker location has to be a high score in both 

view, if a score is low in the anterior view and high in the lateral view, the new score 

value in the left lateral view will be smaller, decreasing the chance that this location was 

selected as the best FM location.  

However, because of the error factor on the common axis, the resulting correlation 

matrixes can not be used to find a unique location. The proposed solution is formulated 

by the equation 4.18 and is to use these new matrixes ( ' ) as a weighting factor by 

normalizing and multiplying them with the correlation coefficient matrix ( ) generated 

in section 4.2.5.  
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4.2.7 Contour map analysis and correlation matrix multiplication  

Both the contour map analysis and the 3 dimensional data projection algorithms are not 

perfect. First, the contour map has been filtered (section 4.2.4) in order to ensure the 

presence of a region that defined the FM. Consequently, the resulting images can contain 

more than one possible contour region. Second, the new weighted factor matrix generated 

in section 4.2.6 assigns a high score to a FM location, but it is not necessarily the best 

score value which results in a multiple maxima problem. To solve this problem, we 

propose to combine both approaches by multiplying the binary image obtained from the 

contour map filtration with the correlation matrix generated in section 4.2.6. The 

resulting image is similar to the contour analysis, but has now a score value assigned to 

every possible pixel and a limited search area by incorporating the contour map shape 

analysis. Figure 4.22 illustrates this operation and shows a sample image result. 

 

 

X 

 

= 

 

(a)  (b)  (c) 

Figure 4.22: Example of contour map analysis (a) and correlation matrix (b) combination by 

using the contour map analysis as a mask over the correlation matrix (c). 

 

4.2.8 Inter-marker distance 

The FMs are at a certain distance from each other and this distance is known to be very 

stable over time; the displacement between the markers can go up to 4 mm based on the 

average position of the markers [10, 32, 73]. The inter-marker distance information is 

retrievable from the DRR images using the prior knowledge. The FMs also provide a 

limited amount of structural information. Thus, the inter-marker distance can be useful to 

detect the group of three markers by providing important structural information on the 

FMs. The annotated figure 4.22 illustrates the inter-marker distance relationship, where 

the FMs are identified in yellow, the inter-marker distance pattern (constellation) in white 

and the inter-marker distance in terms of their x and y components in green. 
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The inter-marker distance analysis is realized using the matrix generated in section 

4.2.7. To find the best constellation, an exhaustive search that tests all possible FM 

combinations was made in order to find the locations of each FM where the sum of the 

three score values from their respective ROIs is maximized. The filtering element of this 

systematic search is the maximum possible displacement between the FMs. The equation 

4.19 below describes the filter: 
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  (4.19) 

 

where d(1,2), d(1,3) and d(2,3) are the original inter-marker the distances calculated from 

the DRR and d’(1,2), d’(1,3) and d’(2,3) are the new inter-marker distances calculated from 

the EPI. To be a valid combination, the 3 absolute distances differences need to be 

smaller than 4 mm. The displacements were measured using the following equation: 
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From the resulting three FM locations the displacement in pixels from the original 

location were calculated and the resulting displacement converted from pixels to mm 

using the pixel size previously calculated in section 4.2.2. Finally, the resulting 

displacements were saved into an excel file for the results analysis presented in section 

5.3. The following chapter 5 presents the experimental procedure, results and discussion 

of the algorithms performance evaluation. 
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x1

y1
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Figure 4.23: Inter-marker distance relationship, where the FMs are identified in yellow, the inter-

marker distance pattern (constellation) in white and the inter-marker distance in terms of their x 

and y components in green. 
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Chapter 5 

 

 

 

Experimental Results  

 

This chapter presents the experimental context and results obtained using the algorithms 

described in the proposed approach. The analysis of the performance of the algorithms 

has been done using Matlab. This chapter is structured as follows. Section 5.1 presents 

the experimental database. Sections 5.2 and 5.3 describe the experimental procedure, and 

discuss the performance of the image enhancement (section 4.1) and the FM detection 

(section 4.2) algorithms respectively.  

 

5.1 Experimental database 

The image dataset and the ground truth FM locations used to evaluate the approach 

proposed in Chapter 4 was provided by the BC Cancer Agency (BCCA), Vancouver 

Island. The acquisition process followed the procedure described in Chapter 2 using the 

manual FM localization procedure. The image dataset originally contained data for ten 

patients. Unfortunately, because for certain patients information essential for the 

algorithm was missing, they had to be removed from the database. Thus, a detailed 

description of the original database follows along with a description of the removed 

information.  
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5.1.1 Digitally reconstructed radiograph dataset 

As described in Chapter 2, digitally reconstructed radiographs (DRRs) are acquired at 

time of treatment planning and are available for both the anterior and the left lateral 

views. For each view, the dimension of each digitally reconstructed radiograph is 512 x 

512 pixels. FM contours, location and planned radiation field apertures must be available 

for the creation of the FM template. Unfortunately, four patients were identified with 

incomplete or missing FM information. From the original database, patient ID 9 has been 

removed for the image enhancement performance evaluation because of missing data 

regarding the planned radiation field aperture data. For the performance evaluation of the 

FM detection algorithm, patients with ID 5, 6, 8 and 9 have been removed because data 

on FM location and/or the planned radiation field of aperture was missing. 

 

5.1.2 Electronic portal image dataset 

Electronic portal images (EPI) prior to each radiation therapy session were also available 

for each patient and for both views. The portal images were acquired using low doses of 

6 MV photons and the dimension of each portal image for each view is 384 x 512 pixels. 

The number of portal images per patient is a function of the number of radiation therapy 

sessions. Table 5.1, below, presents the number of radiation therapy session for each 

patient.  

As described in Chapter 2, the portal images contain information on the localization of 

three FMs. The FMs used in this study were cylindrical gold seeds, 0.8 mm in diameter 

and 5 mm in length. In portal images, these markers are shown as linear structures of 

various orientations. The maximum and minimum FM size in the portal images are 

approximately 9 x 2 pixels and 2 x 2 pixels respectively. This approximation can be 

verified using the EPI pixel size which varies from 0.4 to 0.6 mm per pixel.  

 

5.1.3 The DICOM image format 

Digital Imaging and Communications in Medicine (DICOM) is a standard for handling, 

storing, printing, and transmitting information in medical imaging. A DICOM data object 

consists of a number of attributes such as patient ID and one special attribute containing 

the image pixel data. A single DICOM file can only contain one attribute pixel data and 
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thus, only one image can be stored in a DICOM file. For this project, both DRR and EPI 

image files were available in the DICOM format. Consequently, all FM data and other 

useful information were attached to the DRR images by saving both into one file in 

format DICOM. Figure 5.1 presents a sample of this available information extracted from 

the DICOM header of a digitally reconstructed radiograph image file. 

 

 

Patient ID Number of radiation  

therapy treatment session  

Patient 1 35 

Patient 2 37 

Patient 3 36 

Patient 4 37 

Patient 5 19 

Patient 6 37 

Patient 7 33 

Patient 8 35 

Patient 9 35 

Patient 10 27 

 

Table 5.1: Number of radiation therapy treatment session for each patient. 

 

 

Filename: [1x97 char] 

FileModDate: '30-May-2006 14:47:52' 

FileSize: 530016 

Format: 'DICOM' 

Width: 512 

Height: 512 

BitDepth: 16 

ColorType: 'grayscale' 

CurveDimensions_0: 2 

NumberOfPoints_0: 48 

TypeOfData_0: 'ROI' 

CurveDescription_0: 'Field Aperture Contour' 

AxisUnits_0: 'PIXL\PIXL' 

AxisLabels_0: 'Plan Field Edge\Plan Field Edge' 

DataValueRepresentation_0: 3 

CurveLabel_0: 'Field Aperture' 

… 

 

Figure 5.1: Example of attached information to a DRR image available in the DICOM header, 

where each line is in the format: the tag name, the character two points “:” and the value. 
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5.1.4 Size of the radiation field of view 

As explained in section 4.2.2, information on the planned radiation field aperture size is 

necessary to evaluate the pixel size in the X and Y axis, and also to extract the region of 

interest. The data were extracted manually from the BCCA database by a radiotherapist 

and presented in the following table 5.2, where the distance of the axis x1, x2, y1 and y2 

from the center of the radiation field of aperture (see figure 4.9) is shown in cm for the 

anterior and left lateral view of each patient. The sum of x1 and x2 is the size of the 

radiation field of aperture for the x axis and the sum of y1 and y2 is the size of the 

radiation field of aperture for the y axis. 

 

Patient ID 

Radiation field of aperture center distance from each axis 

Left lateral view Anterior view 

x1 x2 y1 y2 x1 x2 y1 y2 

Patient 1 5,2 3,8 3 4,4 5,2 3,8 3,9 4,4 

Patient 2 4,8 3,2 6,3 1,9 4,7 4,5 4,8 3,2 

Patient 3 3,5 6,8 5,3 3 3,8 5,4 3,5 6,8 

Patient 4 4,9 4,8 5 4,2 5,2 5,3 4,5 4,5 

Patient 5 6,9 6,6 6,7 11,9 7,9 9,2 6,7 11,9 

Patient 6 3,7 4,6 3,4 4,2 3,5 4 3,6 4,6 

Patient 7 6,4 2,4 4,4 4 6,4 2,4 4 4,2 

Patient 8 4,3 5 3 3,5 4,3 4,8 4,4 4 

Patient 9 4 3,7 4 2,5 4 3,7 2,4 4 

Patient 10 4,2 4,8 5,5 4 4,6 4,4 4,2 4,8 

 
Table 5.2: Distance in cm of the axis x1, x2, y1 and y2 from the center of the radiation field of 

aperture. The information is available for the anterior and left lateral view of each patient. See 

Figure 4.9 for the localization of each axis and the localization of the radiation field of aperture. 

 

5.1.5 Ground Truth for the FM dectection 

The ground truth data for validating the FM detection algorithm was provided by the BC 

Cancer Agency (BCCA) in MS Excel format and were acquired by a trained radiation 

therapist. The Excel file contains FM shift measurements saved on three different sheets 

(one sheet per FM). Table 5.3 presents an example of the FM shift information available. 
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The shift measurements (in cm) are given for the fiducial marker ID 1 of the patient 1. 

Only 21 treatment fractions on a total of 35 are presented due to the large amount of data. 

The information is presented for the X and Y axis of both anterior and left lateral view, 

and each shift measurement of each axis is associated with its fraction number, or 

treatment day, and patient number. The shift values for the fraction number zero 

correspond to the total number of treatment fractions for the given patient number.  

It is important to mention how to link every shift measurement to its associated 

electronic portal image. To achieve this, the BCCA patient number and the fraction 

number are used because this information is also available in the header of the DICOM 

file of every EPI image.  
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Anterior X axis Anterior Y axis Left lateral X axis Left lateral Y axis 

Patient Number Fraction Shift Patient Number Fraction Shift Patient Number Fraction Shift Patient Number Fraction Shift 

1 0 35 1 0 35 1 0 35 1 0 35 

1 1 -0,21 1 1 0,02 1 1 -0,12 1 1 0 

1 2 0,07 1 2 0,04 1 2 -0,43 1 2 0,22 

1 3 -0,05 1 3 -0,21 1 3 0,08 1 3 -0,27 

1 4 -0,32 1 4 -0,37 1 4 0,29 1 4 -0,38 

1 5 -0,18 1 5 -0,36 1 5 0,48 1 5 -0,26 

1 6 -0,26 1 6 -0,07 1 6 0,16 1 6 -0,13 

1 7 -0,03 1 7 -0,4 1 7 0,26 1 7 -0,3 

1 8 -0,17 1 8 -0,17 1 8 -0,24 1 8 -0,14 

1 9 -0,02 1 9 0,09 1 9 0,1 1 9 0,2 

1 10 -0,38 1 10 -0,05 1 10 0,27 1 10 -0,11 

1 11 0,46 1 11 -0,34 1 11 0,31 1 11 -0,53 

1 12 -0,6 1 12 -0,41 1 12 0,89 1 12 -0,29 

1 13 -0,29 1 13 -0,23 1 13 0,17 1 13 -0,01 

1 14 -0,21 1 14 -0,21 1 14 0,27 1 14 -0,2 

1 15 -0,1 1 15 -0,37 1 15 0,4 1 15 -0,37 

1 16 0,07 1 16 -0,43 1 16 0,24 1 16 -0,46 

1 17 0 1 17 -0,29 1 17 0,07 1 17 -0,29 

1 18 0,12 1 18 -0,12 1 18 0,25 1 18 -0,11 

1 19 -0,19 1 19 -0,15 1 19 0,1 1 19 -0,12 

1 20 -0,14 1 20 -0,34 1 20 0,34 1 20 -0,32 

1 21 -0,18 1 21 -0,26 1 21 0,43 1 21 -0,4 

… … … … 

 
Table 5.3: From patient 1, example of fiducial marker shift information in cm used for the validation of the fiducial marker ID 1. The information 

is presented for the X and Y axis of both views. The shift measurements of each axis are associated with a fraction number, and a patient number 

from the British Columbia Cancer Agency. The shift values for the fraction number 0 correspond to the total number of treatment fraction for the 

current patient ID. 
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5.2 Contrast enhancement algorithm performance evaluation 

5.2.1 Experimental procedure 

The proposed approach was tested on a database consisting of electronic portal images 

acquired from nine patients prior to radiation therapy sessions. The degree of contrast 

enhancement was measured using the Weber ratio given in equation 5.1: 

 

average
I

II
c

minmax

  (5.1) 

 

where c is the contrast value and Imin, Imax and Iaverage are respectively the minimum, 

maximum and average intensity of the image. This contrast measure is different from the 

metric used in section 4.1.6 (Parameter optimization step) because the contrast 

enhancement must be locally measured in the vicinity of each FM. The Weber ratio was 

chosen for its simplicity and ability to locally acquire measurements within regions 

comparable in size with the FM inside. The local measurement of contrast was restricted 

to square regions of nine by nine pixels centered on each FM.  

 

5.2.2 Contrast enhancement performance results 

Figure 5.2 provides three examples of contrast enhancement results for the anterior view, 

presented in a before-after manner, and Figure 5.3 presents similar results for the left 

lateral view. Because of the high volume of measurements, results had to be integrated 

into a compact format. Table 5.4 summarizes the statistics (average and standard 

deviation) that were computed over the entire database for the left lateral and anterior 

views. Those statistics are reported on a per patient basis, because the image 

characteristics vary significantly between patients. The input image is homogeneous and 

consequently, there is no contrast measure associated to it. The contrast is measured after 

linear rescaling, noise removal, and on the final image used for the FM detection 

described in section 4.2, i.e. after the logarithmic image processing enhancement. 

Intermediate results are shown to quantify the contribution of each processing module to 

the final result.  
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Final image

Contrast = 2,27
Original image after rescale

Contrast = 1,07

Final image

Contrast = 2,56
Original image after rescale

Contrast = 0,69

Final image

Contrast = 2,14
Original image after rescale

Contrast = 1,61  

Figure 5.2: Examples of generated results with the proposed image enhancement approach for 

the anterior view. 
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Final image

Contrast = 1,48
Original image after rescale

Contrast = 0,26

Final image

Contrast = 1,33
Original image after rescale

Contrast = 0,35

Final image

Contrast = 1,59
Original image after rescale

Contrast = 0,61  

Figure 5.3: Examples of generated results with the proposed image enhancement approach for 

the left lateral view. 
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Patient ID 

Left lateral view 

Median and rescaling Noise filtering Final image 

Average STD Average STD Average STD 

1 0,346 0,176 0,884 0,336 1,007 0,326 

2 0,563 0,150 1,122 0,300 1,295 0,324 

3 0,631 0,160 1,13 0,257 1,143 0,199 

4 0,49 0,130 1,202 0,290 1,239 0,243 

5 0,092 0,019 0,229 0,071 0,412 0,131 

6 0,323 0,036 0,836 0,126 0,998 0,163 

7 0,348 0,129 0,9 0,297 1,0696 0,346 

8 0,533 0,156 1,33 0,426 1,345 0,357 

10 0,407 0,305 1,001 0,441 1,08 0,489 

 

(a) 

Patient ID 

Anterior view 

Median and rescaling Noise filtering Final image 

Average STD Average STD Average STD 

1 0,723 0,300 1,755 0,694 1,960 0,770 

2 1,218 0,358 1,844 0,454 1,902 0,358 

3 1,157 0,362 2,482 0,900 2,498 0,940 

4 0,907 0,199 2,255 0,562 2,443 0,355 

5 0,228 0,054 0,699 0,175 0,977 0,228 

6 0,904 0,390 2,029 0,774 1,935 0,561 

7 0,678 0,300 2,060 1,184 2,215 1,236 

8 1,350 0,358 2,557 0,546 2,565 0,441 

10 1,0811 0,535 2,0984 0,849 2,1380 0,665 

 

(b) 

Table 5.4: Statistics of contrast enhancement results for the left lateral view in (a) and 

anterior view in (b). Both tables present intermediate results after median filtering and rescaling, 

and after noise filtering. The final image column presents the output images to be used for the FM 

detection. The Weber Ratio was used to measure the contrast of the images.  

 

5.2.3 Discussion 

Results presented in table 5.4 show that contrast enhancement improvements were 

obtained after each processing step for all patients and for both views. From a 

quantitative point of view, note that the Weber ratio has more than doubled for both 

views in the final image compare to the images after the median and rescaling step. From 

a qualitative point of view, one may note from Fig. 5.2 and 5.3 that the image 
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enhancements in term of contrast, sharpness and noise content ratio are visually 

significant. Moreover, the inter-patient and intra-patient brightness variations have been 

also normalized in the final images by the contrast enhancement module of the algorithm. 

This facilitates subsequent intra-patient and inter-patient comparisons performed by 

radiotherapist and medical physicist. It is important to mention that all FMs have been 

preserved during the enhancement process, which was one of the main challenges in the 

design of the algorithm.  

The need for the contrast enhancement step may be questionable considering the slight 

difference between the Weber ratios measured after noise filtering and after contrast 

enhancement in Table 5.4. This can be explained by the Weber Ratio sensibility to the 

average brightness variation. Thus because the average brightness is lightly increase 

during the contrast enhancement step, the contrast measure may have been lightly 

decrease compared with the situation where the average brightness stay the same between 

the two steps. Moreover, as shown in Figure 4.1, the impact of the contrast enhancement 

step on the images is visually significant. This is due to the fact that the contrast 

enhancement step does not only increase the image contrast, but also its sharpness. 

The main scientific contribution of this image enhancement algorithm consists in its 

capacity to automatically to decrease the image noise, increase the contrast and 

sharpness, and to normalize the brightness variation over the whole dataset without any 

human intervention.  

 

5.3 FM detection 

5.3.1 Experimental procedure 

To assess the detection success rate of the proposed FMs detection algorithm, the FM 

displacement measure computed with our approach is compared with the ground truth 

FM displacement which was manually measured by a radiation therapist. Ground truth 

FM displacements were determined by manually identifying the center of the markers in 

the portal image and calculating the displacement using the FM locations determined at 

time of treatment planning.  

In a similar manner to [10], we define the detection success rate as the percentage of 

the FM locations that can be found within ±2 mm tolerance from the ground truth FM 
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displacement. This value was chosen based on the precision of the FM prostate 

localization reported in the literature (≤ 2.0 mm) [23-25]. Once the quantitative validation 

completed, results were visually inspected to ensure their validity. This visual validation 

involved marking the automatically detected FM locations with a red dot on the output 

images. A similar validation was also performed on few images using the ground true 

data during the validation algorithm development. 

The proposed approach was tested on a database consisting of electronic portal images 

acquired from six patients prior to radiation therapy sessions. In total, 205 treatment 

sessions have been tested, which represents 410 images and 1230 FMs. Because of the 

high volume of data, the complete result set cannot be presented here. The results were 

automatically analyzed in Matlab and stored in an Excel file using a true/false notation 

for the three FMs of each view, where true is for a correctly localized FM and false when 

the FM was missed. For one patient, an example of this analysis was manually performed 

for FM and the results presented in Table 5.5 below.  

It would be interesting to compare our FM detection approach to previously reported 

algorithms designed for the same purpose [10, 30-34]. However, the detection success 

rate can vary significantly as a function of the properties of the input image, the FM size, 

the FM location (inside [10, 32-34] or outside [30, 31] the body). Thus, it is not possible 

to objectively compare the results of our algorithm with the results of other studies. To 

solve this validation challenge, we have implemented the baseline template matching 

algorithm from [10] and we have performed a comparative evaluation of the proposed 

approach against this baseline using our image dataset. Essentially, the algorithm 

described in [10] is contained inside our FM detection approach and consists only of the 

template matching algorithm (section 4.2.5) and the inter-marker distance (section 4.2.8). 

Thus, to implement the baseline approach, we only had to remove some processing 

modules from our algorithm. These modules are the contour map analysis (section 4.2.3 

and 4.2.4) and the two perpendicular view correlation (section 4.2.6 and 4.2.7). Both 

algorithms used the same prior knowledge and ROI extraction procedure. Figure 5.4 

presents a schema of the baseline approach described above, where the two views are 

processed separately.  
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The same enhanced image dataset was used for both the proposed algorithm and the 

baseline. These enhanced images have been generated using our image enhancement 

algorithm (section 4.1). The results of the comparative evaluation are presented in Table 

5.6 and discussed in the following subsection. 

 

5.3.2 Fiducial marker detection results 

This section contains the experimental results obtained during the FM detection 

experiment. Table 5.5 presents an example of the results analysis automatically 

performed using Matlab. Table 5.6 presents the detection success rate of both approaches, 

i.e. without and with our approach and figure 5.5 and 5.6 respectively shows examples of 

successful and unsuccessful FM detection using EPIs on which the detected FM locations 

are marked using a red point. 
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Template 

matching

Inter-marker 
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Enhanced images

Left lateral view

Final images

Anterior view

Anterior view

Template 

matching

Inter-marker 
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Enhanced images

Final images

Left lateral view

 

 

Figure 5.4: Diagram describing the baseline approach for the FM detection algorithm 

performance evaluations. 
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Days 

Anterior view Left lateral view 

X 

algo 

(cm) 

X 

BCCA 

(cm) 

X ABS  

difference 

(cm) 

Y 

algo 

 (cm) 

Y 

BCCA 

(cm) 

Y ABS 

difference 

(cm) 

Detection 

True/false 

X 

algo 

(cm) 

X 

BCCA 

(cm) 

X ABS 

difference 

(cm) 

Y 

algo 

(cm) 

Y 

BCCA 

(cm) 

Y ABS 

difference 

(cm) 

Detection 

True/false 

1 -0.24 -0.21 0.03 0.05 0.02 0.03 True -0.07 -0.12 0.05 0.00 0 0 True 

2 0.00 0.07 0.07 0.15 0.04 0.11 True -0.39 -0.43 0.04 0.13 0.22 0.09 True 

3 -0.06 -0.05 0.01 -0.15 -0.21 0.06 True 0.20 0.08 0.12 -0.18 -0.27 0.09 True 

4 -0.27 -0.32 0.05 -0.32 -0.37 0.05 True 0.54 0.29 0.25 -0.36 -0.38 0.02 False 

5 -0.23 -0.18 0.05 -0.29 -0.36 0.07 True 0.65 0.48 0.17 -0.31 -0.26 0.05 True 

6 -0.29 -0.26 0.03 -0.15 -0.07 0.08 True 0.33 0.16 0.17 -0.13 -0.13 0.00 True 

7 0.00 -0.03 0.03 -0.40 -0.4 0.00 True 0.44 0.26 0.18 -0.31 -0.3 0.01 True 

8 -0.18 -0.17 0.01 -0.20 -0.17 0.03 True -0.13 -0.24 0.11 -0.13 -0.14 0.01 True 

9 -0.00 -0.02 0.02 -0.10 0.09 0.01 True 0.20 0.1 0.10 -0.13 0.2 0.07 True 

10 -0.23 -0.38 0.15 -0.10 -0.05 0.05 True 0.46 0.27 0.19 -0.04 -0.11 0.07 True 

11 0.47 0.46 0.01 -0.20 -0.34 0.14 True 0.52 0.31 0.21 -0.31 -0.53 0.22 False 

12 -0.65 -0.6 0.05 -0.30 -0.41 0.11 True 0.85 0.89 0.04 -0.10 -0.29 0.19 True 

13 -0.41 -0.29 0.12 -0.25 -0.23 0.02 True 0.45 0.17 0.28 -0.18 -0.01 0.17 False 

14 -0.18 -0.21 0.03 -0.05 -0.21 0.16 True 0.52 0.27 0.25 -0.22 -0.2 0.02 False 

15 -0.18 -0.1 0.08 -0.34 -0.37 0.03 True 0.59 0.4 0.19 -0.31 -0.37 0.06 True 

16 0.00 0.07 0.07 -0.40 -0.43 0.03 True 0.46 0.24 0.22 -0.40 -0.46 0.06 False 

…               
 

 

Table 5.5: This table presents an example of the results analysis performed automatically by the algorithm for 1 FM out of 3. The results are 

available for 16 treatments session. At each treatment session, the results are generated for both the anterior and the lateral view, and for the X and 

Y axis of each view. The X and Y algorithm column are the displacement measure for the algorithm, X and Y BCCA are the displacement 

manually measure by the radiation therapist, X and Y absolute (ABS) difference are the absolute values of the measurement difference between 

the algorithm and the BCCA data and the detection is true if the absolute (ABS) difference in X and Y is smaller than 2mm for each view 

respectively.  



 

 

 

 

Patient 

Number 

of 

treatment 

session 

Markers 

Template matching based on 

the implementation in  [38] 

Our approach with the 

perpendicular view 

correlation 

Anterior 

(in %) 

Left lateral 

(in %) 

Anterior 

(in %) 

Left lateral 

(in %) 

1 35 

1 91.4 45.7 88.6 68.6 

2 82.9 57.1 80.0 71.4 

3 85.7 54.3 85.7 74.2 

2 37 

1 81.10 29.7 73.0 27.0 

2 94.59 32.4 94.6 43.2 

3 86.5 46.0 75.7 51.4 

3 36 

1 N/A N/A N/A N/A 

2 75.0 22.2 58.3 27.8 

3 83.3 52.8 61.1 61.1 

4 37 

1 N/A N/A N/A N/A 

2 91.9 56.8 78.4 75.7 

3 86.5 62.2 91.9 73.0 

5 33 

1 87.9 66.7 84.84 75.8 

2 81.8 54.6 75.7 66.7 

3 84.8 60.6 87.9 72.7 

6 27 

1 85.2 66.7 74.1 74.1 

2 96.3 77.8 96.3 100.0 

3 100.0 25.9 100.0 29.6 

Total 205  86,9 50,2 81.2 61.4 

 

Table 5.6: FM detection success rate in percentage for each FM of each patient based on the less 

than 2 mm of difference criteria and the overall detection success rate in percentage. The results 

are available for the anterior and left lateral view of both experiments. 
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  (a)        (b) 

 

  
  (c)        (d) 

 

  
  (e)        (f) 
 
 

Figure 5.5: Examples of successful fiducial marker detection. On each image, the detected 

fiducial marker locations are marked using a red point. The images a, c and e are for the anterior 

view and the images b, d and f are for the left lateral view. 
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  (a)        (b) 

 

     
  (c)        (d) 

 

     
  (e)        (f) 

 

 

Figure 5.6: Examples of unsuccessful fiducial marker detection. On each image, the detected 

fiducial marker locations are marked using a red point and the correct location in green.  The 

images a, c and e are for the anterior view and the images b, d and f are for the left lateral view.  
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5.3.3 Discussion 

As stated before, the goal of this project is to increase the detection success rate of FM 

located in the left lateral view by using the information contained in the anterior view. 

We also investigated whether the proposed approach can increase the detection success 

rate in the anterior view, by using the information contained in the left lateral view. 

Because of the high quality of the images acquired for the anterior view compared to the 

images acquired for the left lateral view, this approach was theoretically possible for 

both, the anterior and left lateral view FM detection. Based on the results presented in 

table 5.6, the proposed approach has increased the detection success rate in left lateral 

view, but decreased the detection success rate in the anterior view. Thus, the higher 

quality of the information available in the anterior view increases the accuracy of the 

decision making process in the left lateral view. However, because of the poor quality of 

the information available in the left lateral view is not possible to increase the detection 

success rate in the anterior view using the proposed approach. This result is acceptable 

because the overall success rate has been increased using our approach. Compared to the 

results of other studies, our approach is competitive for 3 different reasons: 

 

- the FM used in this study are smaller than the FM used in other studies, which 

make the image enhancement and FM detection more challenging  

 

- All images in our database come from real patients and the images have been 

acquired and used during real treatment sessions where the FM were located inside 

the prostate. Other studies [30, 31], have used FM located outside the body which 

is not representative of a real treatment scenario. 

 

- We have not removed any images from our dataset for reasons like artefacts or 

high levels of noise. The only images removed from the dataset are the images for 

which the validation data were missing.  

 

We also visually compare the results generated by both approaches based on the image 

quality, where image quality refers to the amount of noise, artefacts and contrast in the 
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images. By example, a poor quality image will have blur FM appearance, irregular shape 

and surrounding artefacts or bones that can easily, but wrongly identified as a FM and a 

good quality image is the situation where the FM are clearly and easily identified without 

advance image analysis. This analysis highlights the observation that the higher quality of 

the information in the anterior view increases the detection success rate in the left lateral 

view. However, the results show that the opposite approach is not possible using the 

proposed algorithm. Indeed, because of the very high success rate obtained in the anterior 

view and the poor results obtained in the left lateral view there is almost no case where a 

successful detection obtained using the left lateral view can help to detect a fiducial 

marker in the anterior view and a wrong detection in the anterior view since to have no 

impact on the results obtained in the left lateral view. The results of this analysis are 

presented in table 5.7. Our contribution is significant because the cases where the propose 

approach outperforms the baseline approach in the left lateral view are the most typical 

cases. 

 

Image quality Results 

Anterior view Left lateral view Anterior view Left lateral view 

Low Low 

Both the baseline and our 

approaches have poor 

performance. 

Both the baseline and our 

approaches have poor 

performance. 

Average to good Low 

The baseline approach 

outperforms our 

approach. 

Our approach 

outperforms the baseline 

approach. 

Average to good Average 

The baseline approach 

outperforms our 

approach. 

Our approach 

outperforms the baseline 

approach. 

Average to good Good 
The 2 approaches have 

similar results. 

The 2 approaches have 

similar results. 

Low Average to good 

Our approach 

outperforms the baseline 

approach. 

The baseline approach 

outperforms our 

approach. 

Table 5.7: Comparison of the baseline approach with the propose approach based on the image 

quality for the left lateral view. 
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The visual observations presented above are consistent with the results of the 

quantitative analysis presented in table 5.6 where the detection success rate using our 

approach decreases in the anterior view and increases in the left lateral view. The results 

obtained for patient 1 and 5 are two very good examples where the previous stated 

observations are well applied. The remaining patients show similar results, however 

various problem have been noticed. In the case of patient 2, the detection success rates of 

the left lateral view are very low and that, using both approaches. This is explained by the 

superposition of the extremity of two fiducial markers that have the same orientation. 

Figure 5.6-b shows a sample image where the FMs superposition problem is visible. This 

image gives the impression that only two FMs out of three are present. In this case, it is 

possible to notice the superposition by evaluating the size of the visible marker, which is 

too long to be a single FM; we also note a small brighter area at the superposition point. 

When the new shape is too big to be successfully matched with the FM template, a poor 

score value is obtained for this location during the detection process and a random image 

artefact is selected as the best probable FM location. When the FMs superposition was 

good enough to perform a successful detection of the FM bright area defining the two 

superposed FMs, it is usually impossible to distinguish the two FMs from each other. In 

such case, the algorithm detects the middle of the new structure which was in this 

experiment further than the maximum error of 2 mm from the actual FM location allowed 

for a successful detection. The result of such situations is two FMs at the same location. 

Only cases where all FMs were clearly visible and separated have been successfully 

detected by the algorithm. Because the two algorithms considered the inter-marker 

distance, the detection success rate of the third FM has also been significantly affected by 

the poor detection success rate obtained with the two superposed FMs.  

The detection results of one FM were removed from patient 3 and 4, but for two 

different reasons. For patient 3, the first FM had to be removed because of the absence of 

validation results from the British Columbia Cancer Agency. The results are missing 

because the FM moved outside of the region of interest and the radiotherapist had been 

unable to localize this marker. Figure 5.6-d shows an example of this problem. Thus, the 

results obtained for this marker have been removed and only two FMs have been 



 

 

76 

considered for the detection. Removing this FM has also decreased the detection success 

rate in the left lateral view since less information was available for a successful detection.  

In the case of patient 4, one FM was also removed, but for a completely different 

reason. Based on the 2 mm of error criteria, this FM has a good detection success rate. 

However, it is not possible to visually confirm these results. The problem comes from the 

left lateral view, were one FM is over the pelvic bone. In this situation, the image 

enhancement algorithm successfully increases the contrast level of the two other markers, 

which are over soft tissues, but the FM over the bone has been lightly over enhanced 

which make the exact positioning of this marker impossible, even for a human observer. 

Only an estimation of its probable location is possible. Thus, because it is not possible to 

visually confirm the results, this seed had been removed from the results. Figure 5.5-b 

shows an example of the problem previously described. A good FM detection rate was 

obtained for patient 6, except for the third marker in the left lateral view. The poor 

performance obtained for this marker could be explained by the presence of a bony 

structure having the same width and orientation as the FM. Because of the similarity of 

both structures, the algorithm has detected the bony structure most of the time. However, 

since the pelvic bone and the FM are very close to each other, the detection success rates 

obtained for the other FMs have not been influenced by this problem during the inter-

marker distance analysis. 

Examples of successful and unsuccessful detections can be found in figures 5.5 and 5.6 

respectively. On all images, the detected fiducial markers locations have been marked 

with a small red square of 2x2 pixels. This red square is difficult to see, but a bigger point 

would have masked the entire FM, which we want to remain visible. Each image in 

figure 5.6 highlights a different image problem and artefact that explains the unsuccessful 

detection of the markers. Figure 5.6-a presents an artefact that has the appearance of an 

empty data area. This artefact is recognizable via its very dark and round shape, in which 

nothing (bone or FM) is visible. Figure 5.6-b shows an example of the FM superposition 

problem previously described. Another image artefact is displayed in figure 5.6-c under 

the form of a white line crossing the entire image. This line received a very high score 

that moves the search region of the two other markers too far from the actual FMs 

locations. Figure 5.6-d shows a poor quality image where it is difficult to confirm the FM 
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positions and in which the FM located closest to the top of the image has moved outside 

of the region of interest. Finally, figures 5.6-e and 5.6-f present an example where a bony 

structure has been preferred over a FM in the detection process and an example of image 

where the algorithm detects an image artefact similar in size and shape to the actual FM. 

The results presented in table 5.6 also highlight the idea of using two different 

approaches. Indeed, the fact that the results obtained for the anterior view were better 

without our approach and the results of the left lateral view better with our approach 

suggest that it could be appropriate to use two different approaches, i.e. one for the 

anterior view and one for the left lateral view, in which case the overall detection success 

rate could potentially be increased. However, the current approach has been selected 

because there was no proof before this study that it was possible to increase the quality of 

the information contained in the left lateral view using the anterior view and that it wasn‟t 

possible to increase the quality of the information in the anterior using the left lateral. It 

was also impossible to predict what the performance of such an approach will be.  

 

5.4 Computation time 

All processing was made using a 1.5 GHz personal computer equipped with 1.5 GB of 

RAM. The computation times of both algorithms, i.e. the image enhancement and the FM 

detection algorithm have been tested using this computer. The performance of the image 

enhancement algorithm has been performed using by averaging the processing of the first 

five images of each view individually for 3 different patients. The experiment took on 

average 27 ± 9 sec. The critical factor that affects the processing time is the search for the 

optimal parameter value and the size of the radiation field of aperture, which will affect 

the number of pixels that the algorithm will have to process.  

In the case of the FM detection algorithm, the performance had to be evaluated by day 

of treatment, which means that the performances of the anterior and left lateral view have 

to be evaluated together. The experiment has been executed using the first five treatment 

sessions of 3 different patients. The average processing time obtained was 57 ± 4 sec. 

Two factors affect the processing time: the size of the region of interest and the number 

of isolines. However, because of the small size of the FM region of interest, only small 
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variation has been observed, which explains the very small inter-patient processing time 

variation. 
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Chapter 6 

 

 

Conclusion  

 

6.1 Summary 

In Image-Guided Radiation Therapy (IGRT) of prostate cancer, the manual identification 

of prostate location at every day of treatment is a tedious, time-consuming, and error-

prone operation. Current clinical practice involves team-based evaluations of difficult 

images and the usage of various image filtering techniques with empirical, user-defined 

ad-hoc parametric values. This motivates the development of new computer vision 

techniques for automatic image enhancement and prostate localization.  

This thesis presents a novel approach for fiducial markers detection used in IGRT for 

prostate cancer treatment. Unlike most previous attempts, this novel approach emphasises 

the importance of pre-processing steps such as noise filtering and contrast enhancement. 

This technique also proposes a new way to use the information specific to the IGRT 

prostate cancer treatment by considering both the inter-marker distance and the common 

axis existing between two perpendicular views. This was possible by the analysis of 

previous fiducial marker motion studies for the specific case of prostate cancer. The main 

contributions of this work are: 

- an algorithm that enhances the image contrast and increases the signal to noise ratio 

without human intervention 

- a new method for fiducial marker detection that improves significantly upon the 

state-of-the-art performance in lateral EPIs 



 

 

80 

Our algorithms were tested using the image dataset and the actual FM location 

provided by the BC Cancer Agency – Vancouver Island Centre (VIC). The data was 

acquired during real IGRT treatment sessions using the current clinical gold standard. 

The experimental dataset contains the treatment data for 10 patients from which 9 were 

used for the image enhancement algorithm validation and 6 were used for the FMs 

detection algorithm validation. 

 

6.2 Future work 

This research demonstrates that it is possible to make better use of the information 

available in order to increase the overall detection success rate. We also show via our 

experiments that the use of two different detection approaches, one for the anterior view 

and one for the left lateral view, may potentially yield a better overall fiducial marker 

detection success rate. Based on this novel information, future work will focus on the 

development of two different approaches, i.e. one for the anterior view and one for the 

left lateral view.  

In addition, a two-step fiducial marker detection work flow can be design. This work 

flow should start by processing the anterior view first, and use the information from the 

anterior view to process the left lateral view. However, we estimate that a fully automated 

fiducial marker detection approach for prostate cancer is still out of reach. This is 

explained by the poor quality of the EPI images and the small size of the fiducial 

markers. These problems can be mitigated by the use of bigger fiducial marker. 

Consequently, future experiments should research optimal trade-offs between patient 

discomfort, safety levels of the radiation dose, and fiducial marker size. 
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