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Abstract 

Current targeted prostate biopsy methods often rely on commercial systems to support the 

procedure. These systems tend to lack the export of analysis results for secondary analysis studies used in 

research. Transperineal in-bore MRI-guided prostate biopsy (tpMRgBx) is one such targeted biopsy 

approach that lacks a commercial system to support the procedure. This work aims to investigate the use of 

open-source tools in creating an open-source platform that can support the tpMRgBx procedure while 

allowing access to the data necessary for analysis but also for comparison (to other targeted biopsy 

approaches). 

An open-source platform, SliceTracker, was presented with support for all steps of the tpMRgBx 

research workflow. Evaluation metrics were defined for a retrospective and prospective study of patients 

who underwent tpMRgBx. Retrospective evaluation studied registration accuracy, effect of the 

segmentation approach, and re-identification time of biopsy targets. Prospective evaluation focused on total 

procedure time as well as biopsy target re-identification accuracy. 

Results from the 73 retrospective and 10 prospective tpMRgBx cases showed success in the use of 

SliceTracker for supporting tpMRgBx. Mean Landmark Registration Error (LRE) for retrospective 

evaluation was 1.88 ± 2.63 mm and was not sensitive to the approach for prostate gland segmentation. For 

the prospective data, a target re-identification time of 4.60 ± 2.40 min and biopsy targeting error of 2.4 ± 

0.98 mm was observed.  

The proposed platform SliceTracker was successfully integrated into the clinical research 

procedure at the institution in this study, supporting hundreds of cases to date. It is extensible and supports 

uniform collection of research data. This work represents a stride towards facilitating comparison between 

targeted prostate biopsy methods and the goal of improving prostate cancer care. It also provides a platform 

that is better suited to support translation of the tpMRgBx procedure to other sites. 
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Chapter 1 

Introduction 

1.1 Motivation 

Prostate cancer (PCa) remains one of the most common causes of cancer deaths among 

men in Canada, the USA, and worldwide [1 – 3]. In Canada alone, it is the third deadliest cancer in 

men, with nearly 10% of projected male cancer deaths in 2017 [4]. Even though the incidence rate 

of PCa has been decreasing in recent years due to changes in screening practices, PCa is still the 

most commonly diagnosed form of cancer in men, with 21% of all new male cancer cases in Canada 

expected to be PCa [4]. Additionally, 1 in 7 Canadian males are expected to be diagnosed with PCa 

in their lifetimes [4]. The clinical standard for diagnosis of suspected cancer in the prostate is 

systematic sextant biopsy guided by transrectal ultrasound (TRUS) and is generally initiated as a 

follow-up for men with an abnormal digital rectal exam (DRE) or high prostate specific antigen 

(PSA). However, the TRUS approach to diagnosis suffers from low sensitivity, overdiagnosis of 

clinically insignificant PCa, and underdiagnosis of clinically significant PCa [5]. 

 The limitations of TRUS has motivated the investigation and development of alternative 

approaches to biopsy and PCa diagnosis. Advances in magnetic resonance imaging (MRI), 

especially the introduction of multi-parametric magnetic resonance imaging (mpMRI), has led to 

the modality emerging as a promising imaging technique for PCa detection and staging. MpMRI 

improves the positive predictive value of detecting clinically significant PCa, with the cancer 

suspicions from mpMRI correlating with biopsy pathology [6]. Additionally, mpMRI is optimized 

towards higher-grade disease that limits the detection of low-risk PCa; an outcome that can lead to 

a reduction in overdiagnosis of indolent cancers [6]. The arrival of MRI has paved the way for 

targeted approaches to PCa diagnosis to be explored, and these new approaches take advantage of 

increased sensitivity yielded by the use of MRI to allow for the targeting of lesions based on 
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imaging. The approaches to targeted biopsy differ in the way that they make use of MRI, presenting 

various advantages/disadvantages based on the approach. 

 The treatment of PCa has been an area of great discussion in recent years. Traditionally, 

men who have been diagnosed with PCa have had various treatment options available to them based 

on the degree of disease that they have: brachytherapy, surgery (often radical prostatectomy (RP)), 

cryotherapy, thermal ablation, chemotherapy, hormone therapy, active surveillance (AS) and 

others. However, inaccurate diagnosis and grading of PCa has led to over-treatment of the disease. 

This over-treatment, which can be radical in nature, reduces the quality of life (QOL) in treated 

patients [7 – 8] and is made more notable by the fact that the majority of diagnosed PCa is early 

stage cancer. The need for accurate diagnosis and effective treatment options based on the grade of 

cancer and long-term clinical outcomes is clear.   

 In the last decade, there have been various commercial systems developed and introduced 

that can aid clinicians in diagnosing and treating PCa. As targeted biopsy became more popular, 

commercial systems followed. These systems aid in image registration between the diagnostic MRI 

and the intraprocedural images (MRI or TRUS), biopsy needle navigation, 

visualization/presentation of the images, and provide other software functionality to the clinician. 

These systems have helped provide alternate approaches to diagnosis for PCa, with greater success 

[9] than traditional TRUS-guided systematic biopsy. However, even though commercial systems 

are approved for clinical use, they are by design closed and inflexible. They often lack the ability 

to modify individual components of the software (e.g. segmentation, registration, targeting tools) 

and do not provide the kind of data necessary for evaluation in research studies. More recently, 

focal laser ablation has been a topic of interest for treating localized PCa. Commercial systems for 

laser ablation exist and can be used to treat localized PCa. When it comes to evaluating margins 

and success however, these systems do not provide the tools necessary to perform such evaluation.  
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 The inherent limitations of using commercial systems can be potentially remedied by 

looking to open-source software for an alternative solution. Unlike the closed nature of commercial 

systems, open-source solutions are flexible and extensible. Tools developed to support a particular 

procedure can often be leveraged by clinically related procedures and translated without much 

effort. This is unlike commercial platforms, who often operate as “black box” solutions 

complicating access to target annotations and processing results, and not allowing the fine-tuning 

of processing components. This thesis is focused on the development, translation and evaluation of 

open-source image computing tools in prostate clinical research and interventions. 

1.2 Thesis Objectives 

With the ongoing interest in improving diagnostic and treatment options for PCa, there is 

a compelling argument for the use of open-source image computing tools. The main scope of this 

thesis is in exploring the space of image computing tools in prostate clinical research/interventions 

by developing, evaluating, and translating such tools.  

Most of the work within this thesis incorporated the use of 3D Slicer1 [10]. The aims of 

this work can be defined as: 

• Develop multi-purpose image processing tools that can be integrated in specific clinical 

research applications. 

• Provide a feature complete platform (SliceTracker) for transperineal MRI-guided targeted 

prostate biopsy (tpMRgBx) that can be used for comparison with other targeted prostate 

biopsy techniques and translated to other sites. 

• Evaluate SliceTracker to support refinement and evaluation of the tpMRgBx technique. 

These objectives, when taken together, represent the goal of supporting the refinement and 

translation of the particular targeted biopsy approach (tpMRgBx) but also in increasing the 

                                                      

1 https://slicer.org  

https://slicer.org/
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availability of tools to facilitate access to comparisons amongst targeted prostate biopsy approaches 

(including tpMRgBx).  

1.3 Thesis Contributions 

The majority of the work presented in this thesis was related to the development and 

evaluation of SliceTracker, with contributions to the development and evaluation of the platform. 

The contributions of this thesis are as follows: 

• The development of two SegmentEditor effects for segmentation of image volumes. These 

two effects for 3D Slicer abstracted functionality offered by a previous 3D Slicer extension, 

VolumeClip. The two effects, SurfaceCut and MaskVolume, provide the ability for quick 

segmentation of a volume and the ability to apply a created image mask to a master volume, 

respectively. SurfaceCut was also integrated into SliceTracker, a specific software platform 

for targeted prostate biopsy in 3D Slicer. 

• Improvements to the SliceTracker platform for the tpMRgBx procedure. Two new plugins 

were created for the SliceTracker platform, to facilitate monitoring of prostate motion 

during biopsy as well as to improve the segmentation process for pre-procedural planning.  

• Iterative development of the SliceTracker platform with clinical feedback. Any 

change/feature added to SliceTracker was tested in a live clinical setting prior to 

incorporation into the stable version of the platform. 

• Clinical evaluation of the SliceTracker platform with a retrospective and prospective study. 

All data for the prospective evaluation was collected during this thesis, while some data 

for the retrospective evaluation was obtained prior to my work. The retrospective 

evaluation studied registration accuracy, effect of the segmentation approach (automatic 

vs. manual), and re-identification time of biopsy targets while the prospective evaluation 

studied the total procedure time and biopsy targeting error. 
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Figure 1.1. Thesis contributions and their interactions with the SliceTracker workflow. Left half 

represents the contributions of this thesis whereas the right half represents the SliceTracker 

preprocedural and intraporcedural workflow. 

While the contents of the contributions described here are split between development and 

evaluation, the implemented contributions have a direct/indirect impact on the evaluation. Many of 

the contributions that have been developed have been integrated in some form to SliceTracker. This 

has led to the SliceTracker platform reaching a stable, feature-complete version but has also 

resulted in improvements to the tpMRgBx procedure workflow; including decrease in overall 

procedure time, increased consistency in the tools used for different phases of the workflow, and 

potentially an increase in ease-of-use for new users of the platform. In regards to evaluation, the 

contributions of this thesis related to SliceTracker are evaluated both objectively and via an expert 

clinical user. The contributions related to segmentation are utilized in the evaluation studies 

discussed in chapter 4, where objective metrics are introduced. The other contributions have been 

evaluated with a single expert user feedback to demonstrate utility.  

1.4 Thesis Outline 

This thesis is organized as follows: 
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 Chapter 2 reviews image-guided interventions for PCa diagnosis. This includes current 

standards of care and a look at existing alternative solutions. It discusses medical image 

processing tools available for registration and segmentation of the prostate and the current 

capabilities of these tools. Lastly, currently existing research platforms and applications for 

image-guided interventions in prostate cancer care are discussed and compared, where applicable. 

 Chapter 3 describes the software development workflows. It explores the development 

process, from building blocks to additions and improvements of currently existing software such 

as the 3D Slicer extension SliceTracker. The benefits of open-source development, and the utility 

of the software developed to other similar applications is discussed. 

 Chapter 4 presents the evaluation of SliceTracker, an open-source platform for 

tpMRgBx. It explains the data acquisition and clinical procedure, while exploring the image 

computing tools used in the software. The evaluation protocol and methodology are presented, 

with results and a discussion regarding the findings.  

 Chapter 5 provides a look at future work that can be motivated by the work presented 

here. It also presents conclusions from the results of this work. 
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Chapter 2 

Background 

This chapter introduces the background on PCa and the relevant computational background 

regarding the software tools discussed hereafter. In section 2.1 diagnosis (PSA, DRE, and biopsy) 

approaches are explored. In section 2.2, image segmentation and registration tools relevant to PCa 

are reviewed and specific approaches highlighted. Finally, section 2.3 introduces image processing 

tools/platforms (3D Slicer, Medical Imaging Interaction Toolkit (MITK), etc.) that can be used to 

assist in PCa diagnosis and treatment. 

2.1 Image-guided Prostate Interventions 

The prostate is a tubuloalveolar gland of the male reproductive system that is generally 

identified as slightly larger than a walnut. It is located between the bladder and the penis, 

surrounding the urethra. The prostate can be felt during a rectal exam and hence a DRE is one of 

the most popular screening methods, especially in primary care. Due to the location of the gland, a 

DRE is only able to detect palpable abnormalities in the posterior and lateral regions of the prostate 

gland. A study by Allard et al. [11] found that 81% of a survey of 969 Ontario physicians made use 

of DRE and PSA for prostate cancer screening.  A recent study by Naji et al. [12] performed a 

systematic review on effectiveness of DRE for screening in the primary care setting. They 

concluded with a recommendation against the regular use of DRE for PCa due to a considerable 

lack of evidence supporting its efficacy. The other popular tool for PCa screening is PSA, a protein 

produced by cells (healthy and malignant) of the prostate gland. Levels of this protein are measured 

in an individual’s blood, and generally reported as nanograms of PSA per milliliter of blood 

(ng/mL). A level lower than 4.0 ng/mL was considered in the past to be normal, with levels above 

this thought to be indicative of PCa and the patient typically referred for a biopsy. In recent years, 

there have been many reports and recommendations against the use of PSA as a screening tool, due 
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to fluctuations in a man’s PSA by outside factors, as well as evidence of men with PSA levels 

below the normal threshold who have prostate cancer. While the normal cutoff for normal PSA has 

traditionally been 4.0 ng/mL, it is not rare to find PCa (including high-grade disease) via biopsy in 

men with PSA levels below this threshold [13]. The clinician should inform men aged 50 – 69 

about the benefits and disadvantages of PCa screening, including high false-positive rates (with 

DRE and PSA), overdiagnosis, biopsy and its potential complications, discomfort and high false-

negative rates [14]. While the DRE and PSA tools have been used for initial screening in primary 

care, these tests are often followed by a biopsy for accurate diagnosis, including disease grading.  

Treatment and management of prostate cancer has traditionally focused on AS and radical 

therapeutic approaches such as prostatectomy and radiation.  While treatment options such as RP 

have favorable long-term survival outcomes [15], there are associated adverse consequences that 

can significantly impact a patient’s QOL. These consequences can include urinary, sexual, and 

gastrointestinal problems. With the uncertainty and discussion regarding PCa screening tools and 

long-term QOL for a patient after radical treatment, there has been a growth in the exploration of 

more accurate and safer diagnostic and therapeutic tools/interventions. 

Imaging has become an integral component in prostate care. Imaging is used for screening, 

diagnosis, and treatment of PCa and is essential to the research related to each of these services. 

Major modalities used in PCa detection and treatment include US-based imaging, MRI, mpMRI, 

positron emission tomography (PET), and combinations of the above including mpMRI-US fusion. 

Each modality has its own use when dealing with PCa and the utility (including specific modality 

variations) is dictated by the biological behavior of the organ/tumor that is targeted for imaging. 

One area where imaging plays an integral role in PCa care is in diagnostics, specifically biopsy. 

2.1.1 Biopsy 

As mentioned previously, the gold standard for detecting PCa is TRUS-guided systematic 

core needle biopsy. The prostate is divided into six regions and biopsy samples are taken from each 
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sextant. The standard is 12-core biopsy, with these cores split among each sextant. The number of 

cores can vary, with some authors recommending 14 as opposed to the standard 12-core [16, 17]. 

These biopsy samples are then sent to pathology and graded accordingly. TRUS-guided biopsy is 

an attractive approach because it is a cost-effective procedure that can be performed in a traditional 

office-based setting. Ultrasound machines are readily available, and ultrasound has the advantage 

of providing real-time navigation of the biopsy needle. However, there are several drawbacks that 

may outweigh the benefits that TRUS-guided biopsy offers. TRUS suffers from poor image 

resolution and low sensitivity/specificity that makes it hard to identify small volume cancers. 

Additionally, due to the multifocal nature of PCa, cancerous regions of the prostate can be missed 

during a TRUS-guided biopsy due to its random nature. This can lead to an underdiagnosis of PCa 

and result in repeat biopsies for an accurate diagnosis. A study of 90 men who had confirmed PCa 

and repeat biopsy on the surgical specimen ex-vivo (after radical retropubic prostatectomy) found 

that only 67.8% of the patients had PCa detected [18]. This means that even though the patient had 

confirmed prostate cancer, TRUS biopsy could still be negative. As a means of reducing the number 

of missed cancers, limiting the number of clinically insignificant diagnoses, and ultimately 

increasing the accuracy of diagnosis, alternative biopsy methods have been introduced. 

MRI was first considered in the 1990’s as having the potential to improve the preoperative 

staging of PCa but was limited in its initial role due to poor sensitivity for intraprostatic lesions 

[19]. As MRI technology improved, namely the introduction of mpMRI, the modality emerged as 

a promising imaging technique for PCa detection and staging [20 – 22]. MpMRI combines 

traditional T2-weighted anatomical imaging with functional techniques such as diffusion-weighted 

imaging (DWI), dynamic contrast-enhanced sequences (DCE), and magnetic resonance 

spectroscopic imaging (MRSI), leveraging each to overcome the shortcomings of the individual 

MRI techniques and benefit from the advantages offered when combined. DCE provides the ability 

to assess the changes in vascularity between cancerous and normal tissue. It exploits the “wash-in” 
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and “wash-out” period of a contrast agent, as cancerous tissue has been found to show earlier 

enhancement and a quicker contrast wash-out when compared to normal tissue. This is connected 

to tumor angiogenesis as tumors can up-regulate the production of angiogenic factors, resulting in 

a change in tissue vascularity that can be qualitatively and quantitative assessed [79, 80]. However, 

DCE is limited by its lack of discrimination of non-cancerous tissue that is also highly vascularized 

(prostatitis, benign prostatic hyperplasia (BPH)) from cancerous tissue [81].   

DWI leverages properties of proton diffusion to assess the restriction of diffusion and 

changes to apparent diffusion coefficient (ADC) values [82]. Tumor cells in PCa can be found in 

densely packed regions, appearing bright on DW-MRI due to the lack of diffusion through the cells 

[82]. However, DWI suffers from low in-plane spatial resolution and is also susceptible to motion 

[80]. The lack of high spatial resolution makes DWI a poor tool for PCa grading.  

MRSI when used for PCa measures metabolite levels found in the tissue, with levels 

(reduced or increased concentration) of choline and citrate often of interest in PCa [83]. While 

MRSI has shown promise in assessing tumor aggressiveness [84], it is also highly susceptible to 

magnetic field distortions and requires increased time and expertise to perform than other functional 

MRI techniques [80, 83].  

While the individual techniques discussed have limitations, the combination into a mpMRI 

examination allows for detailed anatomic and functional imaging that improves sensitivity. MpMRI 

also improves the positive predictive value of detecting clinically significant PCa, with the cancer 

suspicion from mpMRI correlating with biopsy pathology [6]. While mpMRI offers some attractive 

benefits as an imaging modality, there is an upfront cost associated and a lower availability 

compared to traditional ultrasound. Nevertheless, the emergence of mpMRI has led to the 

recognizance of MRI as a viable imaging modality for PCa diagnosis, whether as a sole imaging 

modality or in conjunction with TRUS. 
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The rise of mpMRI use in prostate cancer diagnostics (detection, localization and risk 

stratification) has led to an increased need for standardized techniques and training in its 

application. As a means of achieving this goal, the European Society of Urogenital Radiology 

(ESUR) developed guidelines for mpMRI, including a structured reporting scheme called PI-RADS 

(Prostate Imaging Reporting and Data System) that relays the probability of cancer risk and its level 

of aggression [85]. It consists of a five-point scale to express the probability and level of cancer, 

with a 1 representing “clinically significant disease is highly unlikely to be present” and a 5 

representing “clinically significant cancer is highly likely to be present”. Every component of the 

mpMRI examination (T2W, DCE, DWI, and MRSI) is scored on the five-point scale, with the 

lesion itself also given an overall score. Additionally, extra-prostatic involvement (extra-capsular 

extension, neurovascular bundles, etc.) is also recommended to be scored on the five-point scale. 

This initial version of PI-RADS was validated in a number of studies, many of which are covered 

in a meta-analysis by Hamoen et al. [86] who concluded that PI-RADS appears to have good 

diagnostic accuracy in regard to PCa detection. While the introduction of PI-RADS as a structured 

reporting scheme for PCa was a step in the right direction, there were also limitations that resulted 

in difficulty achieving consistency in clinical practice and limited adoption [87].  

This realization for improvement led to an international joint committee comprised of the 

American College of Radiology, ESUR, and the AdMeTech Foundation to develop a new version 

of PI-RADS, deemed PI-RADS v2 and released in 2015 [88]. Some of the specific goals that steered 

this improvement version include simplifying mpMRI reports (terminology and content) to achieve 

global standardization, improve radiologist education to reduce interpretation variability, create 

minimum technical parameters for mpMRI, and to develop assessment categories for levels of PCa 

risk/suspicion. Overall, PI-RADS v2 brings an increased focus to lesion characterization and 

interpretation and subsequent reporting, with detailed resources for measuring and mapping the 

cancer [87]. Changes were also made to the PI-RADS scoring system, doing away with the 
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individual scores for each mpMRI technique (for a total score of 4-20) and introducing an overall 

assessment score of 1-5, with each number representing a distinct PI-RADS assessment category. 

Notably, with the changes in scoring, DCE was weighted less (when DWI and T2w are of 

diagnostic quality) in determining the appropriate assessment category. The categories represent a 

similar scale as in v1, where a 1 represents “very low (clinically significant cancer is highly unlikely 

to be present)” and a 5 represent “very high (clinically significant cancer is highly likely to be 

present)”. With PI-RADS v2, lesions are also mapped, with an index (dominant) lesion being 

identified as the lesion with the highest assigned PIRADS Assessment Category. If there is a tie 

(two or more lesions with the same assigned category), the index lesion is the one with that shows 

extraprostatic extension (EPE). The definition of clinically significant cancer is one that varies 

among institutions and as such there is no universally accepted definition [88]. When talking about 

clinically significant or insignificant cancer, a Gleason score assigned on the pathology/histology 

of the tissue in question is often the metric considered. A Gleason score is made up of two numbers 

ranging from 1-5, with the first number corresponding to the dominant cell pattern (by visual 

inspection) and the second number corresponding to the non-dominant cell pattern with the highest 

grade. This allows for a range of total scores from 2-10, with the most common (treatable) cancers 

having scores of 2+3, 3+3, 3+4, and 4+3 (range 5-7) [89]. Although a score of 3+4 and 4+3 both 

give a total score of 7, a score of 4+3 is recognized to carry a worse prognosis than a score of 3+4 

[89]. For PI-RADS v2, clinically significant cancer is defined as Gleason score ≥ 7 (including 3+4 

with that has a strong Gleason 4 component), and/or tumor volume ≥ 0.5 cc and/or EPE. 

Although a Gleason score has been a fixture of PCa clinical outcomes since it was 

introduced in the 1960’s, it is not without its faults. It received revisions in 2005 and 2014 to refine 

the criteria and definition of certain patterns, with the 2014 update also proposing a new scoring 

system similar to the PI-RADS scoring of 1-5 while incorporating the Gleason scores [90, 91]. This 

system corresponds groups of Gleason grades to a single score in the new system (e.g. grade group 
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3 is Gleason score 4+3=7). This new grading system has many benefits including more accurate 

grade stratification, simplified scoring system, and a lower minimum score of 1 which may help in 

reducing patient stress/anxiety [92]. While these benefits are clear, it will take time for the new 

grading system to be widely accepted and practiced and therefore should be reported alongside 

Gleason score until that time [92]. 

The increased focus on mpMRI use in PCa diagnosis has created a need for evaluation of 

the effectiveness of mpMRI when compared to the current diagnostic pathway involving TRUS-

guided biopsy without imaging. The PROMIS study was published in 2017 and was a multicenter, 

confirmatory study to test the diagnostic capabilities of mpMRI and compare its accuracy to TRUS 

biopsy, using transperineal template prostate mapping (TPM) biopsy as a reference [93]. It included 

a total of 576 men who received a mpMRI followed by both TRUS biopsy and TPM biopsy, across 

11 participating sites. This made it the largest study to focus on mpMRI and TRUS at the time of 

publishing. The main findings from the PROMIS study include: (1) the use of mpMRI as a triage 

tool (prior to biopsy) may lead to a reduction of up to 27% fewer men undergoing unnecessary 

prostate biopsy, and (2) if mpMRI findings were used to guide a TRUS biopsy (as opposed to 

independent TRUS biopsy after elevated PSA identified), up to 18% more cases of clinically 

significant PCa could be identified. A few limitations were also present, including all centers using 

1.5T scanners (as opposed to 3T), mpMRI not being used to guide any TRUS biopsy, and the lack 

of PI-RADS for MRI reporting [93].  

A second study, referred to as the PRECISION trial, was published in 2018 with the goal 

of investigating the use of mpMRI with targeted biopsy as an alternative to standard TRUS biopsy 

[94]. A total of 500 men who had no previous biopsy of the prostate and who had a clinical 

suspicion of PCa were recruited across 25 sites in 11 different countries. The men were separated 

into two groups, with 252 participants being assigned to the MRI-targeted biopsy group and 248 

assigned to the standard TRUS group. Those in the MRI-targeted group underwent an mpMRI 
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examination, and if the result was positive, were subject to an MRI-targeted biopsy with ultrasound 

guidance. A maximum of 12 cores were collected across the suspicious areas, with a maximum of 

4 cores per area and maximum of 3 areas. MpMRI examinations were categorized using PI-RADS 

for those areas that were suspicious of PCa. The participants in the standard TRUS biopsy group 

were subject to a standard TRUS biopsy, with a total of 10 to 12 biopsy cores using the biopsy 

scheme in [94]. The results showed that the group who underwent MRI-targeted biopsy had a 

higher level of clinically significant cancer detected (38%) than the standard TRUS biopsy group 

(26%). Additionally, the MRI-targeted biopsy group had less (9%) clinically insignificant cancer 

detected than in the standard TRUS biopsy group (22%). The study concluded that a diagnostic 

pathway that includes mpMRI for risk assessment before biopsy and MRI-targeted biopsy in the 

presence of a lesion (positive mpMRI) is superior to the standard pathway that involves only TRUS-

guided biopsy [94]. These large, multicenter studies provide a further stepping stone towards 

improving the standard of prostate cancer care around the globe and realizing the full potential of 

MRI in PCa diagnostics.  

With the introduction of MRI, a new class of biopsy approaches were developed that made 

use of the imaging modality: targeted biopsies. As opposed to traditional TRUS-guided biopsies 

that randomly sample the prostate gland, targeted biopsies utilize a pre-procedural planning MRI 

to target specific lesion(s) before biopsy is performed. The way in which this planning MRI is used 

leads to the different approaches available. The most basic of the approaches is cognitive fusion, 

requiring no additional equipment beyond an MRI scanner. Here, a pre-biopsy MRI is performed, 

with lesion(s) identified to be targeted. From this point, the approach follows that of a traditional 

systematic TRUS-guided biopsy, with the main difference being that the biopsy operator uses the 

targeted lesions from the MRI and estimates their location on TRUS.  

Cognitive fusion offers the benefit of not requiring changes to the biopsy operator’s 

workflow or the need for additional specialized equipment and investment. Yet, the limitations of 
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this approach must be considered. The magnetic resonance (MR) images that are captured are 

acquired in an axial plane while images during 2D TRUS-guided biopsy are obtained at multiple 

different oblique planes, which can lead to an increase in variability [23]. Additionally, the accuracy 

of this approach is highly operator-dependent, leading to a greater opportunity for human error and 

inconsistency. 

Another targeted biopsy approach that can be attributed to MRI aims to maximize the 

benefits of the MRI-US workflow and is commonly referred to as MRI/US fusion-guided biopsy. 

It combines a pre-biopsy MRI with real-time TRUS during biopsy, with the mpMRI planning image 

used to localize the lesion(s) and the TRUS for visualization and guidance of the biopsy needle. 

The general workflow for this approach starts with the prebiopsy diagnostic image for lesion 

identification. 3D TRUS images are acquired and displayed side-by-side with the prebiopsy MRI. 

This allows for easily navigable 3D reconstruction of the prostate. As the MRI and ultrasound 

images are co-localized and co-registered, blending back and forth between MRI and TRUS is 

possible [23]. The major component of this approach is the image registration or “fusion” between 

the MRI and TRUS image modalities, allowing the images to be co-displayed during the biopsy 

procedure. In registering the modalities, the target coordinates of the lesions identified on the 

planning image are transformed to the TRUS image space. This provides the biopsy operator with 

updated coordinates/locations in TRUS that align with the lesion locations identified in MRI. This 

registration process is a complicated task, due in part to the susceptibility of the prostate gland to 

motion during the ultrasound procedure. Motion can be associated with pain and discomfort, 

distortions from the TRUS probe, as well as motion from the patient’s respiratory action [24, 25]. 

This movement can lead to a loss of accuracy in the MRI/US fusion and inaccurate needle insertion 

when following the fused display for guidance, as a result [24]. Another complication comes from 

the fact that the TRUS images acquired are 2D while the MRI is a 3D volume. This is addressed 

using a multi-stage image registration framework, such as that described by Xu et al. [24]. Here, 
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the 3D MRI volume is registered to an acquired 3D ultrasound volume (via a sweep of 2D 

ultrasound images), 2D ultrasound images (nearly real time) are registered to the 3D ultrasound 

volume, and finally the 2D real time ultrasound images are registered to the 3D ultrasound image 

based on results from the second stage.   

The design of this biopsy approach does not significantly alter the workflow of urologists 

that regularly perform biopsy procedures, and provides a more comfortable environment for the 

patient, who only requires local anesthetic [23]. The biopsy needle location in 3D space can be 

tracked, mapped, recorded, and stored for future reference [26]. While MRI/US fusion offers some 

distinct advantages over the other approaches to targeted biopsy, there are some disadvantages to 

consider. The introduction of new hardware and software means that users must become familiar 

with the equipment before being able to perform the procedures. Additionally, with the challenge 

of image registration, more trust must be placed on the software to function correctly and provide 

the user with accurate information. MRI/US fusion-guided biopsy is the most common targeted 

approach in the clinic, with numerous commercial platforms available to assist in the performing 

of the procedure. These platforms differ in several ways, including registration method, method of 

operator input (needle/probe tracking), presentation of MRI/US images, software functionality, and 

approach to biopsy. A closer look at a few of the most widely studied systems will highlight these 

key differences. 
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Figure 2.1. The UroNav platform as an example setup of the necessary equipment for MRI/US 

fusion-guided biopsy [6]. Shown above is: (A) UroNav console; (B) ultrasound probe with encoder; 

(C) EM field generator; (D) conventional ulrasound cart. 

UroNav (Invivo, Subsidiary of Philips, USA) is a platform designed to work with currently 

existing ultrasound vendors (Philips, GE, and BK) that has undergone extensive testing and clinical 

trials since FDA approval in 2006 [6]. A distinguishing factor of the platform is its use of 

electromagnetic (EM) tracking to track the TRUS probe for navigation during the biopsy procedure. 

An example setup is shown in Figure 2.1. The EM sensor is attached directly to the freehand TRUS 

probe. It is then monitored by an EM field generator affixed to the operating table, which exists to 

provide the urologist/clinician with a similar workflow to current biopsy practice while allowing 

for 3D tracking of the ultrasound probe [19]. This provides the TRUS probe with several degrees 

of freedom (DoF), creating multiple angles of approach and visualization for the urologist. 

Prebiopsy mpMRI study is obtained on a separate imaging workstation (DynaCad, Invivo, 

Subsidiary of Philips, USA) before being transferred to the UroNav workstation via network 

connections [6]. The DynaCad system is also utilized for data storage and review after the 

completion of a procedure. The approach to image registration begins with a sweep of the prostate 

with the TRUS probe, capturing small slices of the prostate which are then compounded to 

construct a 3D TRUS prostate volume [6]. This volume can then be segmented and registered with 

the MRI images. UroNav originally supported only rigid registration but the system has evolved 
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through iterations and now supports elastic registration [6]. The system also now possesses 

mapping capabilities, allowing post-biopsy session reference of sampled biopsy cores [6]. Studies 

involving UroNav has shown promise for prostate biopsy. UroNav has been shown to detect 

significantly more PCa per core than a standard 12-core TRUS biopsy, detecting 30% of more high-

risk cancers (Gleason score ≥ 4 + 3) in a landmark study by Siddiqui et al [27]. The platform has 

also been found to detect more clinically significant cancer than traditional systematic biopsy [28], 

with targeted cores detecting clinically significant disease (Gleason score ≥ 4 + 3) in 18% of 

patients who had a negative systematic biopsy [29]. 

 

Figure 2.2. The Urostation (Koelis, France) platform, requiring only a conventional ultrasound 

machine in conjunction with the above workstation; no external tracking equipment required [6]. 

Urostation (Figure 2.2) is currently the dominant choice for fusion biopsy in Europe [6]. It 

is unique in the way that it handles biopsy needle navigation, requiring no external hardware for 

tracking. Instead, Urostation relies entirely on 3D TRUS images for tracking of the biopsy 

needle/target. In this regard, during biopsy, 2D real-time ultrasound is used to guide the operator 

while 3D TRUS is used when position data about the targeted or collected sample is necessary. The 

3D TRUS reference volume is known as the panorama image and is constructed by combining 3 

sets of 3D TRUS volumes taken at different angles in order to capture the extent of the prostate 
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[31]. Using this approach, a freehand TRUS probe is used akin to the one used by the UroNav 

platform. An outcome of using TRUS only tracking is that the biopsy needle must be held in-situ 

for 3-5 seconds, to allow for 3D TRUS images to be acquired for location of the biopsy site [23]. 

This locating image is then registered to the panorama image using elastic registration, with needle 

location coordinates recorded [31]. The Urostation workstation has two functional modes: the first 

being real-time TRUS image guidance for fusion of the biopsy needle trajectories with the 

panorama image, and the second being MR/TRUS fusion guidance for the registration of the 

prebiopsy MRI with the real-time 3D TRUS [31]. The Urostation platform has shown encouraging 

results at targeting prostate lesions, with accuracy achieved with less than 3 mm error in a study of 

the platform performance [31]. The platform was also found to achieve a high degree of accuracy 

when used on humans, reaching an accuracy of 97% (112/114 MR ROIs) in a preclinical study 

[32]. Delongchamps et al. [33] demonstrated an improved cancer detection accuracy in targeted 

cores versus systematic (12-core) TRUS biopsy, at 76% vs 33% of patients respectively. They also 

demonstrated greater amount of clinically significant disease (Gleason score > 6) detected in 

targeted cores (33% vs 14% of patients). 

 

Figure 2.3. The Artemis (Eigen, USA) platform, with its distinct TRUS probe held by a mechanical 

arm that can relay positional data due to being tracked in 3D [139]. 
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A third platform, Artemis (Figure 2.3), differs significantly in TRUS probe manipulation, 

trading a freehand TRUS probe for a probe held by a mechanical robotic arm affixed to the 

operating table. This arm can be tracked in 3D space by angle sensing encoded joints and does not 

require an external tracking system [6]. Artemis uses an independent software (Eigen ProFuse) 

workstation [6] for navigation and procedure workflow. The software features are like that of other 

systems and image registration is achieved using an elastic-based method [23]. With the robotic 

arm, the DoF are limited compared to the freehand probe approach, and as such the TRUS images 

are acquired along a fixed axis [23]. The introduction of the robotic arm for probe tracking also 

gives Artemis the functionality of generating preselected (12) biopsy sites that are independent 

from the prebiopsy MRI targets selected [34]. Artemis has the ability to track and record biopsy 

sites, allowing the operator to rebiopsy sites of previous positive cores with a 1.2-3-mm accuracy 

[34]. Although the Artemis can help limit human error due to the lack of a freehand TRUS probe, 

the limited DoF of the affixed probe can increase the difficulty of navigation and introduces 

additional required training for the operator. Nevertheless, Artemis has shown promise for prostate 

biopsy in the literature. An initial study of 171 men undergoing fusion biopsy found that targeted 

cores were three times more likely to detect disease versus systematic cores (21% vs 7%) [23]. 

Targeted biopsy findings using Artemis were also found to correlate with level of suspicion found 

on MRI [23]. 

While the above platforms are the most well-documented in the literature, there are other 

existing fusion biopsy platforms worth mentioning. The BiopSee (Pi Medical, Greece) platform 

functions similar to the Artemis, with the TRUS probe being placed in a mechanical fixation device 

that is affixed to the operating table [6]. Biopsy needles are guided through a grid that is mounted 

to the mechanical stepper [23]. In regard to software, BiopSee utilizes a modular software system, 

where each procedure step is mapped in a separate software module [6]. BiopSee also notably uses 

a rigid registration method to fuse the prebiopsy MRI and 3D TRUS volumes [6]. The Real-time 
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Virtual Sonography (Hitachi, Japan) is also of interest due to it operating as a general fusion 

platform that has been customized for prostate biopsy. It offers the capability of fusing US and 

MRI, in addition to US and CT images [23]. This platform has existed for over a decade, and current 

clinical data is absent from the literature. The wealth of MR/US fusion biopsy platforms available 

provide welcome options for clinical users, but lack of literature comparing the platforms makes it 

hard to identify a “best” or most optimal platform. Additionally, as evidenced by the varying 

statistics reported above, there is a lack of a platform to collect consistent comparison data to 

facilitate informed comparisons with other targeted biopsy approaches. 

The discussed targeted biopsy approaches all utilize mpMRI prior to or during biopsy. 

There, however, exists a separate technique of targeted biopsy. Micro-US is a novel imaging 

modality that operates at a high frequency (29 MHz), as compared to standard ultrasound used in 

TRUS biopsies (8 – 12 MHz) [95, 96]. This higher frequency allows for increased spatial resolution 

down to 70 μm, an improvement of 300% in resolution over traditional ultrasound systems [96]. 

The increased resolution provides an opportunity to target suspicious regions of the prostate (akin 

to the MRI approaches above) and provide better visualization during the procedure. The system 

used in the study by Ghai et al. [96] is by ExactVu (Exact Imaging, Markham, Canada) and is now 

FDA and Health Canada approved for visualization and biopsy of the prostate [97]. The 

introduction of this novel imaging modality also brings forth a new proposed protocol and risk 

identification system called PRI-MUS (prostate risk identification using micro-ultrasound) that 

follows the ideas proposed by PI-RADS for mpMRI [96]. It uses a 5-point scale for a “risk score”, 

where a 1 represent “very low” cancer risk and a 5 represents “very high” cancer risk. While this 

is a new technique for targeted prostate biopsy, there is early positive findings in the literature. 

Lughezzani et al. [98] compared the diagnostic accuracy of micro-US and MR/US fusion-gudied 

biopsies for detecting clinically significant PCa, finding that micro-US may represent a cost-

effective imaging technique that is easy to learn and allows for “real-time” targeting of lesions. 
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However there remains a need for further studies to provide evidence supporting its use in the PCa 

diagnostic pathway and to improve the usage of PRI-MUS, including the addition of functional 

techniques akin to mpMRI. 

The final approach to targeted biopsy is known as MRI-guided in-bore biopsy. This 

approach uses a prebiopsy planning study in the same manner as the aforementioned techniques, 

identifying lesions to be targeted during the biopsy. These lesions are then sampled under MR 

guidance, with the patient in the MRI gantry for the entirety of the biopsy. Navigation of the biopsy 

needle is achieved using intraprocedural MR image acquisitions, with different MR sequences 

being used depending on the stage of the procedure. Additionally, Tokuda et al. [36] demonstrated 

the use of a template grid to guide the needle during biopsy, with hole selection computed by 

software for best entry per each targeted lesion. Robotics also offer an opportunity to assist in 

needle guidance, by using MR-compatible robotics to steer a needle guide remotely towards a 

target. The feasibility of this robotic assistance has been shown in a few recent studies, 

demonstrating the safety [42] and positive initial clinical results [43, 44].  However, there is a lack 

of proven clinical applications and studies reporting the true value of these techniques [45]. This 

approach to biopsy is best performed using a non-standard wide-bore scanner, to allow for maximal 

room for the clinician to perform the biopsy. With the added need of specialized equipment, 

increased intervention time and costs, MRI-guided in-bore biopsy is not likely to replace systematic 

biopsy or the use of MR/US fusion as a primary biopsy option [41]. However, the procedure can 

lead to success in cancer detection when it comes to secondary biopsies, as Schimmöller et al. [41] 

reported a 43.1% detection rate for patients who underwent secondary biopsies. 

While the above-mentioned approaches to targeted biopsy have shown merit over 

traditional systematic biopsy, comparisons amongst the approaches are less clear. MR/US fusion-

guided biopsy systems are often commercial and lack the kind of available data required for 

evaluation. There have been clinical studies of MRI-guided targeted biopsies, but a clear choice of 
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platform that can be used to collect consistent data required for comparison studies is non-existent. 

The literature consists of some comparisons among targeted biopsy approaches [5], [9], [98], [99], 

[100] but lacks the size or scale for any clinical indication of a preferred approach and further work 

is required for this to occur.  

2.2 Medical Image Processing for Prostate 

The use of MRI, ultrasound (including micro-US), and the combination of these imaging 

modalities was explored in the previous section from a clinical viewpoint. These modalities play a 

key role in image-guided therapy (IGT) techniques, which also employ medical image processing 

methods. Two of the most essential methods in PCa IGT systems are segmentation and registration 

of the prostate gland, to assist with the detection and localization of targeted tissue. However, the 

prostate is a unique organ and has several challenges associated with it: inhomogeneous appearance 

of the gland, large inter-patient shape variation, gland motion and shape change during treatment, 

amongst others. The development of various registration and segmentation techniques are 

described below and discussed in relation to the prostate and PCa. 

2.2.1 Segmentation 

Segmentation is important in PCa treatment to characterize the target volume, delineate the 

prostate borders, provide an ROI to assist in registration, and other tasks. Segmentation methods 

can be classified as manual, semi-automatic, and automatic based on the amount of manual labor 

required. Manual segmentation requires contouring the gland slice-by-slice and can be done using 

various tools available in both open-source and commercial software. Semi-automatic 

segmentation methods often simplify the process by allowing the user to contour a subset of image 

slices or provide seed points that can be used by an algorithm to complete the segmentation. 

Automatic methods take away the user interaction in order to fully automate the segmentation 

process, using information from the image features or previous learned information to segment the 

prostate. The Prostate MR Image Segmentation (PROMISE12) challenge, as presented by Litjens 
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et al. [60], provides a representative overview of semi-automatic and automatic prostate 

segmentation algorithms (on MRI) in the literature. The PROMISE12 challenge was designed in 

the footsteps of other ‘Grand Challenges in Medical Imaging” in recent years, including brain 

segmentation on MRI, liver segmentation on CT, retinal image analysis, and more.  

 

 

Figure 2.4. A single MRI slice collected from different centers, showing the difference in 

appearance due to acquisition protocols [60]. 

The motivation originates from the fact that many novel prostate MRI segmentation algorithms are 

evaluated on proprietary/single-site datasets that make comparisons between different algorithms 

difficult [60]. This is compounded by the fact that MRI images can vary in appearance and signal 

intensity from site to site due to difference in acquisition protocols and hardware (scanner) used, 

as seen in Figure 2.4 presented in the PROMISE12 challenge [60].  

The group behind the PROMISE12 challenge had the goal of releasing a representative set 

of prostate MRI data (separated into training and test data) that could be used to test the robustness 

of novel algorithms and allow objective comparison between different segmentation methods [60]. 

The challenge included a distinct set of evaluation metrics that included both boundary and volume 

metrics, such as Dice coefficient, absolute relative volume difference, average boundary distance, 

and the 95% Hausdorff distance [60]. The original study included 11 different algorithms, spread 

across three categories: automatic (no user interaction), semi-automatic (little user interaction), and 

interactive (much user interaction). The algorithms produced reasonable to excellent results on 

average, yet also shed light on challenges that remain. Automated methods were found to be 
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consistent in their struggle at determining the interface between the prostate capsule and 

surrounding tissue, including peri-prostatic fat, rectum, bladder, and seminal vesicles [60]. 

Additionally, algorithms were found to have trouble with cases that had abnormal prostates, such 

as those with larger volumes than the average [60]. At the conclusion of the challenge, the challenge 

website2 was left live for future algorithms to utilize the data, and there are now over 290 entries at 

the time of writing, with some entries achieving higher scores than the top algorithm in the 

published study. An example semi-automatic method that participated in the PROMISE12 

challenge was proposed by Yuan et al. [59] and uses a global optimization-based contour evolution 

to segment the prostate. This approach uses histogram matching and a star shape prior to assist in 

the segmentation process. Eight to ten initial points are placed by the user on the prostate boundary 

(six at the transverse view and two to four at the sagittal view). This method proved to be very 

effective at accurately segmenting the prostate, finishing in the top five of the PROMISE12 

challenge [60]. Another semi-automatic algorithm that was featured in the PROMISE12 challenge 

is based on 3D Active Appearance Models (AAM) and utilizes a Shape Context based nonrigid 

surface registration [101]. In this method the center of the prostate must be visually selected 

manually, in order to initialize the mean AAM. The nonrigid surface registration is based on 

previous work by Kroon et al. [102]. This algorithm also showed favorable performance, finishing 

5th in the PROMISE12 segmentation challenge [60].  

While the above methods were evaluated on MRI, ultrasound presents new challenges that 

must be considered when developing prostate segmentation methods for the modality. TRUS 

images that are traditionally used in prostate biopsy are characterized by low contrast, imaging 

artifacts, and speckle that make segmentation of the prostate a challenge [103]. There exists a 

variety of approaches to prostate TRUS segmentation, including semi-automatic and automatic 

approaches. These approaches generally fall into one of three categories: edge-based, texture-

                                                      

2 http://promise12.grandchallenge.org/  
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based, and model-based detection [104]. Texture-based methods classify by regions (e.g. prostate 

and non-prostate) using some structural features that provide information regarding the spatial 

arrangement of color/intensity values. Model-based detection methods, in comparison, utilize prior 

knowledge of the object (e.g. anatomical or physical characteristics of the prostate) to delineate the 

object boundaries. An example of semi-automatic prostate segmentation on TRUS is represented 

in the work by Mahdavi et al. [58], which uses a tapered, warped ellipsoid shape with a few 

initialized mid-gland seed points to create a whole gland segmentation of the prostate. This uses 

the prior knowledge that the prostate gland has a general expected shape from base to apex. Another 

semi-automatic approach to TRUS segmentation of the prostate utilizes Support Vector Machines 

(SVM) and a discrete dynamic contour (DDC) algorithm to create a segmentation of the prostate 

from 3D TRUS [104]. The DDC algorithm follows the approach outlined by Ladak et al. [105], 

including the selection of 4 initialization points at extreme boundaries of the prostate in a slice. 

This is done for 4 slices across the 3D TRUS volume, at predefined locations (0, 45, 90, and 135 

degrees). Each of these 4 initialized slices are fed as input to the DDC, with the output being used 

to train each of the 4 SVMs (one per each slice). These trained SVMs are then used to classify the 

remaining TRUS slices, which is further refined using the DDC and other morphological operators 

to present a final segmentation [104]. The results from this approach showed good agreement with 

manual segmentation, with an observed increase in specificity but decrease in sensitivity [104]. 

The discussed approaches to prostate segmentation are novel standalone algorithms that 

lack a common platform of implementation. However, there are also various semi-automatic 

segmentation tools available via medical imaging software. An example is 3D Slicer, which offers 

a number of built in tools that can be used. One such example is SegmentEditor, an extension that 

offers tools for segmenting. A few of these are semi-automatic methods, including grow from 

seeds – a tool based on the GrowCut algorithm described by Vezhnevets et al. [61]. This method 

allows the user to place/paint anywhere inside the volume and uses the GrowCut algorithm, treating 
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it as a clustering problem to generate a quick, approximate segmentation from the seed points. 

GrowCut utilizes a Cellular Automaton, as originally presented by Ulam and Von Neumann [106]. 

Another tool found in SegmentEditor is fill between slices – using the morphological contour 

interpolation method proposed by Albu et al. [62]. While not quite as robust as the other methods 

mentioned, it does allow for a faster segmentation process by interpolating between slices of the 

volume that have been manually segmented.  

Automatic segmentation methods, in contrast to semi-automatic, take the control away 

from the user and segment based on features of the image volume only. The use of automatic 

segmentation is becoming increasingly popular due to the growth of research in deep learning and 

neural network frameworks that can be specialized to specific datasets.  The PROMISE12 

challenge mentioned earlier outlines a few automatic methods that have been shown to be effective 

in prostate segmentation on MRI. Vincent et al. [63] developed a fully automatic segmentation 

method using active appearance models. The system developed generates a set of dense anatomical 

landmarks from manually segmented surfaces using a variant of the Minimum Description Length 

approach to Groupwise Image Registration [60]. This method starts with a low image/model 

resolution and initializes models at higher resolutions, using a gridded search method. This 

approach finished with the highest average score at the PROMISE12 challenge, based on 

comparing the resulting evaluation metrics to second observer and reference segmentation [60]. A 

deep learning framework for unsupervised automatic feature extraction was proposed by Liao et 

al. [64] and evaluated on automatic prostate MR segmentation. This framework captures low level 

features such as spots, edges, and curves for learning. These features are fed as input to a high level 

stacked independent subspace analysis (ISA) network that produces higher level image information 

[64]. Evaluation of this method compared it to other conventional image features and multi-atlases 

based segmentation methods, revealing the deep learning framework to consistently perform the 



 

28 

 

best [64].  The advantage of the deep learning framework is that it can dynamically learn from the 

dataset that is at hand, as opposed to general features that are blind to the specific data being used.  

For TRUS segmentation, while semi-automatic methods can decrease segmentation time 

when compared to manual segmentation, inter/intra-observer variability is still an issue that fully 

automatic methods can aid in solving [107]. Approaches range from contour and shaped based 

(edge-guided, deformable models) to region based (level sets, atlas based) and more recently, 

supervised and unsupervised learning [103]. These more advanced segmentation methods are more 

robust to shape, contrast, and size of the prostate being segmented [108]. One such technique was 

presented by Yu et al. [107], in which they used an initialization based on the radial bas-relief 

method [109]. This was followed by a 2D slice-based propagation, in which each contour was 

deformed using coefficients generated from a dyadic wavelet transform and propagated to the next 

slice. This propagation is continued until all slices are segmented. In addition to this novel 

segmentation method, Yu et al. [107] presented a comparison with other published TRUS 

segmentation methods (semi-automatic and automatic). Evaluation was completed using the 

average mean absolute distance (MAD), calculating the distance between points on border of the 

reference segmentation with the comparison segmentation. While semi-automatic methods 

performed quite well (due to user interaction), the method by Yu etl al. [107] performed quite well 

compared to previous automatic methods and was able to obtain accurate boundaries at mid-gland, 

base and apex regions of the prostate. Another method compared, proposed by Ghose et al. [110], 

showed the most promise with the lowest MAD among the fully automatic techniques. This method 

utilizes posterior probability and multiple mean parametric models to achieve segmentation. While 

accurate results were achieved at the mid-gland, the apex and base were not validated by the authors 

[110]. Additionally, this study consisted of a small database of images when compared to the other 

fully automatic methods compared [107]. An important observation, as mentioned in the review by 

Meiburger et al. [108], is that as segmentation techniques move towards being fully automatic and 



 

29 

 

require large databases of images (e.g. deep learning) for training/validation, the importance of an 

open data mentality will become increasingly significant in achieving further developments. 

As with the semi-automatic segmentation methods, medical imaging software like 3D 

Slicer also offer extensions that incorporate automatic segmentation. An example is Deepinfer [65], 

a tool that can deploy deep learning models within 3D Slicer for use in various imaging 

applications. The study by Mehrtash et al. [65] includes a deep neural network created with 

contours of the prostate from MR-guided prostate biopsies. This network was created as a variant 

of the U-Net architecture [66]. It was presented as an end-to-end segmentation method and achieved 

76.25% accuracy on validation (57) cases. The utility of each method described is dependent on 

the accuracy of segmentation required and whether the use case is time-sensitive, as segmentation 

methods requiring a large amount of manual labor often take longer than automatic approaches. 

MRI and TRUS present unique challenges to prostate segmentation, and thus require 

modality specific segmentation techniques. While the literature contains many segmentation 

techniques that have shown favorable results, segmentation around the base and apex regions 

remains a difficult task. These regions lack clear boundaries and in the case of MRI can be further 

complicated by the presence of an endorectal coil. As can be seen in the review of segmentation 

techniques by Ghose et al. [103], image slices containing the base and apex are not always 

considered for segmentation with mid-gland instead being the main focus. Additionally, the lack 

of standardized metrics in segmentation evaluation makes comparison of different techniques 

difficult [103]. With the continued development of the standard of care for PCa, fully automatic 

segmentation techniques will become increasingly important to combat observer variability and to 

allow new techniques to blossom. MRI-US fusion biopsy is a strong example, where automatic 

segmentation of TRUS is vital in allowing the real-time fusion of images necessary for the 

procedure. 

2.2.2 Image Registration 
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With the improvement in techniques and technologies used for image-guided biopsies and 

the move to targeted approaches to biopsy, accurate targeting of suspected lesion(s) is an integral 

part of the procedure workflow. This requires spatial correlation of the targeted regions in pre-

procedural images with the corresponding targets in the intra-procedural images. This correlation 

can be further complicated by the presence of an endorectal coil (ERC) used in pre-procedural 

imaging (and absent from intra-procedural imaging) during MRI-guided in-bore biopsies. This is a 

result of the deformations produced by the ERC once inflated. Deformation of the prostate is also 

present in TRUS-guided biopsies as a result of the transrectal ultrasound probe. While this spatial 

correlation can be done using visual assessment, the expertise required by the operator and the 

time-consuming nature of the process make it a rather unattractive option in a clinical setting. The 

complex nature of this task also can lead to inter-rater variability as a result of the focus on 

individual rater’s skill [72]. As such, registration algorithms aim to create a pipeline that can align 

the pre-procedural image with the intra-procedural image and be used to re-identify the targets 

initially placed on pre-procedural planning images. 

 Image registration algorithms for prostate images vary in approach by type of modalities 

being used. For prostate biopsy, the most common approach currently is MRI-TRUS fusion biopsy. 

Image registration between these two modalities must deal with differences in the imaging 

techniques, such as prostate deformation in MRI caused by an ERC, and prostate deformation in 

TRUS due to the ultrasound probe. A review of registration methods for MRI-TRUS image 

registration classified the different methods into three categories: cognitive registration, sensor-

based registration, and organ-based registration [111]. Cognitive registration follows the fusion 

approach described earlier, with a physician using the knowledge from localized targets on MRI to 

guide the biopsy needle to the target location on TRUS. While this technique can add some value 

to standard sextant biopsy, the differences in image acquisition and level of expertise of the 

physician suggest an inherent limitation to the approach that can not be overcome by experience, 
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especially lesions in anterior regions [111], [112], [113]. The remaining two categories, sensor-

based and organ-based, rely on software for accurate registration.  

Sensor-based registration requires paired landmarks in the two imaging modalities to be 

selected during a planning phase. These landmarks are anatomical and require three points, a plane, 

or internal markers to be identified on MRI and localized on TRUS during real-time scanning. 

Following landmark identification, a rigid registration is performed to bring the MRI image 

overlaid with the real-time TRUS image. This approach is limited by the lack of deformation of the 

prostate contour during registration, which can lead to mismatches due to the difference in prostate 

shape across image modalities. Additionally, as the technique tracks the TRUS probe only, the 

displacement experienced by the prostate gland during TRUS scanning is not accounted for and 

can lead to a further loss of precision in the overlay [114]. The study by Puech et al. [113] found 

that although sensor-based registration performs better than standard sextant biopsy, there was no 

notable improvement in accuracy when compared to cognitive registration. Two of the fusion 

systems presented earlier, Artemis and UroNav, utilize a sensor-based registration but with 

software to improve the planning phase [6].  

Organ-based registration differs from sensor-based registration in that instead of tracking 

the probe during TRUS, the prostate gland itself is tracked. Three steps are combined during the 

planning phase to obtain a final overlay of the 3D-TRUS volume with the MRI volume: (1) rigid 

registration between the 3D-TRUS and MRI volumes to superimpose the two volumes, similar to 

the sensor-based approach, (2) multiple point-based rigid registration using a semi-automatic 

segmentation [30] to increase the accuracy of the rigid overlay, and (3) an elastic 3D organ-based 

registration that deforms the MRI image to account for probe-induced deformation of the prostate 

or displacement during TRUS scanning [111]. A study by Ukimura et al. [31] validated the 

accuracy of this technique, finding 89% of 27 biopsies completed with elastic registration hit the 

lesion, with a targeting error of 2.09 ± 1.28 mm. Following this planning phase, a 3D-TRUS 
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acquisition is performed and a TRUS-TRUS monomodal registration is completed between the 

reference TRUS volume (obtained during MRI-TRUS registration) and the newly acquired pre-

biopsy 3D-TRUS volume. This registration also consists of three steps, akin to those in the planning 

phase (two rigid phases followed by an elastic registration) but using different guiding principles. 

The voxel-based tracking allows for an automatic registration of the 3D-TRUS volumes [111]. 

Rigid registration for the first step computes the plausible position of the prostate (on the pre-biopsy 

3D-TRUS) and registers it with the reference 3D-TRUS volume. A more general (six degrees of 

freedom) registration follows for the second rigid phase, adjusting the initial estimation of the 

prostate location. The final, elastic, registration step introduces an elasticity constraint that produces 

thousands of local displacements in the area around each voxel and results in an accurate overlay 

of the two 3D-TRUS volumes. This process is not real-time due to the required computation time, 

with each registered image taking 4 seconds after acquisition to be displayed on screen [111]. 

Accuracy of this TRUS-TRUS technique was evaluated on 40 patients in a study by Baumann et 

al. [115], finding a tenfold decrease in targeting error after the two rigid steps (1.4 ± 0.8 mm 

accuracy) and a further improvement to 0.8 ± 0.5 mm targeting error after the elastic deformation. 

Overall, MRI-TRUS software-based registration has few available studies in the literature 

that evaluate the performance in a clinical setting. The above techniques are discussed mostly in 

the context of commercial systems. Some of the systems that utilize sensor-based registration 

(Artemis and UroNav) are mentioned above. For organ-based, the previously presented Urostation 

platform was evaluated with a high rate of successful biopsies suggesting the fusion technique may 

be an accurate method [32]. However, these systems tend to lack implementation details and 

exporting of registration results, making comparisons among registration algorithms and the 

commercial systems difficult [116]. Open-source software-based registration algorithms have been 

proposed with the hope of enabling interventional research for prostate IGT [116], [117]. Fedorov 

et al. [116] proposed two registration algorithms for MRI-TRUS fusion, both open-source 
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implementations with accompanying datasets. The first is a deformable registration of prostate 

segmentation distance maps with a B-spline regularization, while the second method is a finite 

element-based deformable registration based on a biomechanical model. Both methods were 

validated on a set of 11 PCa patients, with an average TRE of approximately 3 mm for both methods 

that is in line with slice thickness of the data used [116]. The approach with the biomechanical 

model has the ability to handle partial surface data, whereas the distance maps approach has the 

benefit of being based on easily accessible components of widely available software (ITK and 3D 

Slicer). The goal of this work in enabling clinical research in prostate IGT is exemplified in the 

work of Poulin et al. [118], who developed an open-source module in 3D Slicer for MRI-TRUS 

registration to support tumor-targeted prostate brachytherapy. The module workflow was validated 

and found to improve on the initial registration performance by Fedorov et al. [116], achieving an 

average TRE of approximately 2 mm [118]. The module also supports quality metrics (Dice 

coefficient, Hausdorff distance, TRE, etc.) that can be used to assess registration performance and 

enable comparison studies. 

The current biopsy standard remains as TRUS-guided biopsy, due to its real-time nature 

and low cost [27], [119], [120]. As such, developments in the modality for prostate interventions 

have continued, even if MRI has proven to be the ideal imaging modality for PCa staging and 

characterization [121].  TRUS-TRUS image registration can also play a role in MRI-TRUS fusion 

and therefore also encourages development. This is supported by evidence that misalignment 

between the preoperative MRI or 3D-TRUS volume and real-time 2D-TRUS images can reach up 

to 10 mm [122]. De Silva et al. [69] presented a 2D-3D rigid registration method to register 2D 

TRUS images to a baseline 3D TRUS image for 3D TRUS-guided biopsy. This method relies on 

optimizing the normalized cross-correlation (NCC) metric using Powell’s method [69]. This 

registration method was reported with an accuracy of less than 2 mm and an average speed of 1.1 s 

[69]. Improvements were made to this algorithm in a more recent study by Gillies et al. [123] of 
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the same group, achieving an improved average time of 57 ms. This computation time approaches 

the frame rate of the ultrasound system, allowing for a near real-time responsive feedback system 

[123].  

 While a multi-modality approach (MRI-TRUS) has been the most common approach used 

since the introduction of mpMRI for prostate care, MRI has also been used as a standalone 

modality. One popular tool for intensity-based prostate image registration, is Elastix – a toolbox 

that offers both rigid and non-rigid registration methods [67]. Elastix is built upon the widely used 

open source library Insight Toolkit (ITK) [68]. Elastix gives the user customization over the 

different registration method parameters, including transform, cost function, optimizer, etc. The 

transformation models supported include translation, rigid (translation and rotation), similarity 

(rigid plus isotropic scaling), affine, and nonrigid [67]. Nonrigid registration is implemented in 

Elastix using a B-spline representation and other physics-based spline models [67]. There are also 

registration methods that can combine a rigid and non-rigid registration approach. Marami et al. 

[70] propose an elastic registration method for prostate MR that combines rigid and deformable 

algorithms that use an intensity-based distance metric. The combined method was found to 

outperform the rigid registration taken by itself, with a target registration error of 1.87 ± 0.94 mm 

for the whole gland vs 2.67 ± 1.31 mm for the rigid registration. The 3D Slicer platform mentioned 

in the previous section also contains tools for image registration. BRAINSFit [71] is a program 

designed by the University of Iowa’s Psychiatric Iowa Neuroimaging Consortium that can perform 

mutual information registration of imaging data. It is made available through the General 

Registration (BRAINS) module (also referred to as BRAINSFit module) in 3D Slicer. While the 

original goal of BRAINSFit was for application on brain data, it can also be used on other anatomical 

data such as prostate. The program uses ITK classes and added the ability to use one transform 

result (such as rigid) and initialize a more adaptive transform [71]. This is demonstrated by Fedorov 

et al. [72], who incorporated modifications to the BRAINSFit module in 3D Slicer to create a 
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hierarchical registration between planning and intra-procedural T2W prostate MRI. The 

hierarchical approach starts with a 6 degrees of freedom (DOF) rigid transformation and increases 

to free form B-splines transformation [72]. Evaluation of this method found a landmark registration 

error (LRE) of 1.6±0.8 (4.6) mm and 1.3±0.5 (2.3) mm for the rigid and non-rigid registration 

stages, respectively [72].  Depending on the image modalities used and the quality of the data, the 

requirements of the registration algorithms may differ. MRI/US fusion must fuse the target US 

images to the reference MRI image. Due to the differences in image information between the 

modalities (low signal-to-noise ratio for TRUS) as well as the considerable differences in imaging 

physics between the two modalities, deformable registration is typically better suited than rigid. 

However, when dealing with MRI-MRI registration, it is possible that rigid registration can provide 

sufficient alignment between the images. The tools discussed for MRI registration above depict the 

benefits offered by open-source approaches that incorporate developed algorithms while providing 

the user with flexibility and customization depending on the use case. These platforms are 

important in IGT for prostate and a closer look at a few of these follows in the section below. 

2.3 Research Platforms and Applications for Image-Guided Interventions in 

Prostate Cancer 

In clinical practice and research, IGT workflows depend on tools for image processing, 

visualization, navigation and data management. Oftentimes, these tools end up being custom, in-

house solutions that are dependent on the institution and those individuals creating them. These 

tools limit the translation of software and research as other institutions are unable to make use of 

the tools unless provided the necessary resources to do so, if even possible. Open-source platforms 

for medical image processing and visualization exist to prevent these situations by providing a 

platform that developers can contribute to and share their own work, allowing researchers access 

to a wealth of tools and resources for their research procedures and applicable data. These platforms 

provide generic visualization and image processing foundations that can be built upon for specific 
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clinical research applications and use cases. A number of these platforms exist, including 

Visualization Toolkit (VTK)3, MITK [73], 3D Slicer [10], GIMIAS [74], and more. 

2.3.1 Medical Imaging Interaction Toolkit (MITK) 

MITK is an open-source software system for development of interactive medical image 

processing software that combines ITK and VTK with an application framework [73]. It can be 

used for therapy planning, IGT applications, image processing tasks related to medical diagnosis, 

and more via three distinct levels of support: toolkit level, application framework level, and 

application level. The toolkit level provides support to ITK and VTK with tools for interactive 

applications, including GUI widgets and interactive manipulation of images. The application 

framework level offers a modular, C++-derived, cross-platform framework called Blueberry that is 

extensible and can be configured to meet the requirements of the user. The final level, the 

application level, offers an application (MITK Workbench) that can be used for general image 

processing tasks such as visualization of 3D volumes and image segmentation and registration. The 

toolkit incorporates key features such as multiple views for the same data (2D, 3D volume) that are 

consistent across all views, a central and hierarchical repository that allows for logical 

representations of data, “properties” for data items, etc. MITK also allows for subprojects that exist 

as “modules”, including MITK-IGT [124], MITK-ToF [125], and MITK-US [126]. The middle 

module, MITK-ToF, integrates depth camera devices and tools for fast/flexible image acquisition 

and processing [125].  The latter module, MITK-US, provides a framework for US-based 

applications that includes support for real-time imaging and mimics functionality offered by the 

PLUS toolkit [128]. The former aims to facilitate the development of IGT applications by 

incorporating many of the complex components involved in IGT including new hardware (tracking 

tools) and real-time data processing. Baumhauer et al. [127] explore the application of MITK-IGT 

                                                      

3 https://vtk.org 

https://vtk.org/
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as an augmented surgical navigation system for laparoscopic prostate surgery. The MITK-IGT 

application provides tools for surgery planning, registration planning and intraoperative ultrasound 

data, as well as a pipeline for navigation (endoscope tracking and real-time registration). This 

system is easily integrated into the clinical workflow as it does not require any external tracking 

hardware [127]. 

2.3.2 3D Slicer 

3D Slicer is an open-source software application that provides visualization, image 

processing tools such as segmentation and registration, and the foundation for the researcher to 

implement new algorithms and tools through extensions [10]. These extensions can be written in 

C++ or Python, providing developers with flexibility based on their familiarity and currently 

available tools. Extensions can also be used to combine multiple existing tools into a full-fledged 

workflow to support a clinical (research) procedure. 3D Slicer can also be used to analyze 

medical/non-medical images as it supports a number of popular image formats, including NRRD, 

MetaImage, DICOM, and other raster image formats. Figure 2.5 shows the main 3D Slicer GUI, 

including the 3D viewer and general functionalities. 
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Figure 2.5. Main 3D Slicer GUI, showing the 3D viewer in the default layout and toolbar 

functionalities. Highlights include: (1) main application toolbar; (2) interactive image viewers; (3) 

main module control panel; (4) data probe for the current image series’; (5) status/progress 

reporting bar. 

Registration tools discussed above (Elastix and BRAINSFit) are available through extensions in 3D 

Slicer. Elastix is a completely standalone toolbox that was made available in 3D Slicer, 

demonstrating the ease of integrating currently existing software into the platform. This allows for 

the integration of Elastix into new extensions, or the ability to use it in a workflow using other 

built-in functionality within 3D Slicer. Another good example of the use of 3D Slicer to support 

clinical research is SlicerRT – a radiation therapy research toolkit [75]. This toolkit was 

implemented as an extension for 3D Slicer and made use of various features found in 3D Slicer to 

create appropriate algorithms and tools for radiation therapy tasks: creating/managing dose volume 

histograms, comparing dose volumes, visualization of radiation therapy data, etc. 3D Slicer can 

also support many additional applications in IGT, with support from the OpenIGTLink protocol 
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[76] that allows for data to be sent/received between 3D Slicer and external hardware – including 

robotics, imaging devices, tracking devices, etc. 

Segmentation tools such as DeepInfer [65] are also available as extensions in 3D Slicer. 

As previously mentioned, 3D Slicer contains a built-in collect of tools within the SegmentEditor 

module that can be used to perform manual and semi-automatic segmentation. These tools are 

available in the form of “effects”, where each effect is an individual segmentation tool that can be 

applied to the segment(s) within the current segmentation node. There are also extensions that can 

add additional functionality to SegmentEditor, by incorporating additional algorithms and 

segmentation techniques. Segmentations are supported as their own structure type, which can be 

imported from a labelmap or exported to a labelmap after completing segmentation. Due to the 

collection of tools available in a single platform, it also becomes possible to leverage multiple 

segmentation techniques to create a single or multiple segmentations with the same reference 

volume. 

 

Figure 2.6. The RAS coordinate system, with the Superior (S), Left (L), and Anterior (A) directions 

highlighted in black, and the Posterior (P), Right (R) and Inferior (I) directions highlighted in Red. 
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In medical imaging, the most important coordinate system is the patient coordinate system. 

Within this system, there are three planes to describe the anatomical position of the patient. The 

first, and most commonly used in prostate MR imaging, is the axial (also known as transverse) 

plane. This plane separates the head from the feet, into superior (S) and inferior (I) parts. The axial 

plane is parallel to the ground. The coronal plane is perpendicular to the ground and it separates the 

front of the body from the back, into anterior (A) and posterior (P) parts. Finally, there is the sagittal 

plane which separates the left (L) side of the body from the right (R) side of the body. With these 

three planes taken together, you form a three-dimensional space with which coordinates can be 

used to represent objects that lie within. In 3D Slicer, this is referred to as the RAS coordinate 

system (Figure 2.6), where the RAS represents right, anterior, and superior, respectively. These are 

the positive directions in the coordinate system, with left, posterior, and inferior as the negative 

counterparts. 

2.3.3 SliceTracker 

SliceTracker is an extension that exists for the 3D Slicer platform that was created to 

support a clinical research procedure, tpMRgBx. It was originally developed by the team at the 

SPL; P. Behringer, C. Herz, T. Penzkofer, K. Tuncali, C. Tempany, and A. Fedorov [137]. It builds 

upon the extensibility of 3D Slicer by incorporating functionality that already exists within 3D 

Slicer (core functionality or found in other modules), while also adding new functionality 

applicable to the research procedure. The software was designed to follow the two-phase clinical 

workflow of the tpMRgBx procedure. In the planning phase, mpMRI is automatically parsed from 

the DICOM study and loaded for review, with the option for the user to configure the series to 

display. In accordance with the PI-RADS scoring criteria [19], T2w, DCE and DWI series are 

automatically displayed and linked to allow for correlation of these modalities to enable assessment 

of suspicious areas. This aids in the placing of biopsy targets marked by the interventionalist on the 

axial T2w image. 
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Figure 2.7. SliceTracker GUI from the overview step, showing: (1) module settings such as 

target table and registration evaluation panel; (2) target displacement charts showing 

displacement of the first image series; (3) the pre-operative planning image on the left with 

selected target and registered intra-operative needle guidance image with overlaid target on the 

right. 

Automatic segmentation of the prostate gland is performed using the approach presented 

in [16] upon completion of target placement, with the result being displayed as an overlay in the 

axial view. The user has the option to perform segmentation manually, should the automatic result 

prove unsatisfactory. All the aforementioned steps can be completed prior to the start of the 

procedure. If the pre-procedural data is not available, the software can proceed directly to the biopsy 

phase, allowing for target placement on the intra-procedural T2w images. During the intra-

procedural phase, SliceTracker is configured to monitor the imaging data that is sent from the MRI 

console to the research workstation, automatically recognize the type of image by its series 

description, and trigger the corresponding step in the workflow. Steps that involve automatic 

processing are always followed by a verification step, allowing the operator to remedy an 
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unsatisfactory result, if necessary. The overview step of the SliceTracker interface is displayed in 

Figure 2.7. 

 

Figure 2.8. Z-frame image with white ROI defined and yellow outlines around the image artifacts, 

indicating intersection of the z-frame image with the z-frame model following automatic 

calibration. 

The first image of the intra-procedural phase received is the z-frame image. This image 

contains the image artifacts of the seven capsules of the z-frame template, visible in the axial plane 

(see Figure 2.8). Upon receipt of the z-frame image, the SliceTracker operator is prompted to 

identify the ROI containing the z-frame artifacts, using a built-in ROI tool in 3D Slicer. This step 

is followed by automatic calibration of the z-frame artifacts, registering the template to the MRI 

coordinate system. Segmentation of the prostate in the initial intra-procedural T2w image is 

performed automatically using the tools developed in [16], and is used to initialize intensity-based 

deformable registration following the approach presented earlier in [14]. 
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Figure 2.9. SliceTracker Evaluation step, giving the user the ability to compare the registration of 

the current image series visually with different visual effects. User can retry, accept, or reject the 

registration result. 

The interventionalist visually inspects the registration of the placed targets, and once they confirm 

the result to be satisfactory, the transformation produced by the registration is applied to the targets 

in the planning image. Subsequently, re-registration of the targets to the needle confirmation images 

is done automatically, as discussed in [15]. Needle confirmation images are classified as any T2w 

images received during the procedure after the initial registration between the pre-procedural and 

intra-procedural images. In cases where deformable registration fails, the operator has various 

choices to rectify the issue by manually/automatically segmenting the gland, choosing the affine or 

rigid registration result, or, if all attempts fail, manually modify the target location directly on the 

intra-procedural images (Figure 2.9 displays an illustration of the user interface (UI) in the 

evaluation step). Manual segmentation of the prostate gland is achieved using the SurfaceCut 

“effect” in 3D Slicer, a point-based segmentation that creates a surface from a set of points placed 
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at the boundary of a structure in multiple views. The following section introduces more details 

about the overall system architecture and components used within the software. 

SliceTracker was designed to be flexible and easily extensible by using a plugin 

architecture. New functionality can be added with minimal effort by inheriting from a 

SliceTrackerPlugin class. Derived classes have access to a session singleton, which controls 

the flow of data, keeps track of incoming DICOM data and reacts to case specific events (e.g. case 

started) as well as user input. The following SliceTracker plugins are available to date: (a) 

Automatic Segmentation is a logic-based plugin that has no user interface. Other registration 

algorithms can be introduced; (b) Manual Segmentation provides a user interface for manual 

segmentation by using the 3D Slicer SegmentEditor module effect SurfaceCut. A surface is created 

from points set by the user for mimicking the contour of the prostate gland; (c) TargetTable displays 

information regarding targets as well as computed template grid holes and depth for every single 

target. For needle guidance images, calculated hole/depth can change over the course of a tpMRgBx 

case. Some color-coding was implemented to display changes in calculated hole/depth to the user; 

(d) CaseManager keeps track of case directories and invokes case specific events; (e) 

TargetDisplacementCharting visualizes I/S, P/A, L/R and 3-D displacement of a selected target as 
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individual plots; (f) Training offers a user interface displaying buttons for simulating the reception 

of pre-procedural and intra-procedural imaging data. 

 

Figure 2.10. The mpReview module. (1) MultiVolumeExplorer allows for visualization of a 

dynamic series’ signal, (2) multi-parametric image series are displayed in the slice viewers side-

by-side with configurable window/level, (3) module interaction panels allow for placing of 

fiducials, creation and manual segmentation of structures, and more. 

Preprocessing of planning images is done by the 3D Slicer extension mpReview which has 

been integrated into the SliceTracker specific tpMRgBx workflow. Based on mpMRI (see Figure 

2.10 for an example), the interventionalist identifies suspicious lesions. This module is a standalone 

extension that has been integrated into SliceTracker, passing the necessary data to and from each 

of the respective extensions. After target identification, prostate gland segmentation can either be 

done manually in mpReview or automatically by SliceTracker using the segmentation approach 

provided by DeepInfer [65]. SliceTracker is further discussed in Chapter 4, including evaluation of 

the platform. 
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Chapter 3 

Development of Open-Source Image Computing Tools for Prostate 

Clinical Research/Interventions 

3.1 Overview 

The advancement of clinical interventions and research generally requires a series of 

clinical trials and case studies in order to gain regulatory approval and provide proof of benefit to 

patients. Without this, it is hard to justify the new costs and changes in technique/technologies for 

clinicians and hospitals. Additionally, due to the independent nature of clinical institutions, new 

studies and technologies tend to be closed systems created and validated by a single institution. 

This makes the adoption and translation of new techniques and technology much slower than 

necessary. By embracing an open-source approach to research and development, many of these 

issues can be mitigated. Open-source brings together a community of individuals and institutions 

to collaborate and accelerate the advancement of medicine and science, by providing an openness 

in new software and tools that can be leveraged by any user. As discussed, tpMRgBx is a targeted 

approach to prostate biopsy that is solely under MRI guidance. While this procedure has been 

performed at select institutions for an extended period of time [36], [129], [130], it lacks widespread 

adoption and comparison amongst other targeted prostate biopsy techniques. SliceTracker has been 

developed to support tpMRgBx procedures and been in use since 2016. However, to facilitate the 

evaluation and translation of the workflow to other institutions, the software must be in a stable, 

feature-complete version. The tools and functionality described here were developed in aim of this 

goal. 

3.2 3D Slicer Contributions 

There are many extensions and tools available in 3D Slicer that provide general, multi-

purpose functionality that can be used standalone or incorporated into other projects and extensions. 
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While some of these may have been designed for a specific application, by leveraging the openness 

and extensibility of 3D Slicer and integrating the intended functionality in a separate extension one 

can provide more abstract tools that can be leveraged by other users with potentially different 

clinical research procedures or applications. Two modules were created for a currently existing 

extension, SegmentEditorExtraEffects, an extension consisting of experimental effects for 

SegmentEditor. Each module consisted of one effect, described above. While these effects were 

motivated by functionality required in SliceTracker, their utility is far more reaching and hence 

justified being developed in a more abstract form and not directly in the SliceTracker extension. 

These two effects, SurfaceCut and MaskVolume, are described below along with additional 

contributions to 3D Slicer.  

Evaluation for these effects include self-tests as well as testing in a live clinical setting, in 

the case of SurfaceCut. This included using the effect during live clinical research procedures in a 

“shadow mode”, using a separate workstation running in parallel with the main procedure 

workstation. The “shadow mode” workstation ran the modified version of the software and was 

compared with the results obtained from the stable version to ensure proper functioning. 

MaskVolume is also, at the time of writing, in the process of being integrated into the Slicer core. 

This means it will be part of the nightly/preview builds of 3D Slicer, which has its own set of 

comprehensive tests that are run to ensure proper functioning of all components. 

3.2.1 SurfaceCut Effect 

In SliceTracker, when the initial high-resolution intraprocedural MR image (T2W) is 

acquired (known as the Cover Prostate image), the prostate gland needs to be roughly segmented 

to provide a mask for image registration. This segmentation process was originally performed using 

only manual segmentation tools, prior to the integration of Deepinfer into SliceTracker. However, 

even with the addition of Deepinfer, users are still given the option to create the rough segmentation 

manually (e.g. in the case Deepinfer provides a failed segmentation result). The manual 
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segmentation tools originally made use of a 3D Slicer extension called VolumeClip. This extension 

contains two modules: one that can remove the contents of the volume from inside or outside of a 

surface model and one that can remove the contents of the volume from inside or outside of a 

designated ROI box. This former technique is the method used in SliceTracker, as it gives the user 

the ability to use markup points to define a rough contour of the prostate gland that generates a 

convex surface (using Delaunay triangulation) from the points. This was originally implemented in 

SliceTracker as a widget that used the functionality from the VolumeClip extension. However, there 

are two things that this implementation lacked: (1) the pre-processing module mpReview uses a 

different set of tools for segmentation, which does not include access to the VolumeClip 

functionality, and (2) a lack of consistency in the segmentation tools used throughout the 

SliceTracker software. Hence, the idea was to take the functionality offered by VolumeClip and 

implement it as a SegmentEditor effect, providing an easier access point to the functionality that 

allows it to be made available (via SegmentEditor) in the other steps of SliceTracker that require 

segmentation. Additionally, by implementing it as an effect the tool has the potential to be of use 

in many other applications due to the power offered by SegmentEditor. This effect was given the 

name SurfaceCut. 

SegmentEditor effects can be implemented in either C++ or Python, depending on the 

requirements and choice of the developer. Those effects implemented in Python are referred to as 

scripted modules and are what will be referred to from here forward in regard to SegmentEditor 

effects. The effect has a hidden module that is responsible for registering the effect to the instance 

and making it available through SegmentEditor. Any testing for the effect is also found in the 

hidden module. The main effect class inherits from an 

AbstractScriptedSegmentEditorEffect class that is responsible for instantiating the effect 

adapter class that consist of any API functions such as adding GUI elements and widgets, as well 

as access to the main parameter node for the segmentation. 
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The main functionality offered by SurfaceCut is allowing the user to place markup fiducials 

on an image volume to define a rough contour of a desired structure or ROI. This contour is then 

used to create a closed surface model via Delaunay triangulation using the vtkDelaunay3D filter. 

This surface model is displayed to the user in real-time, allowing for modifications to be made 

(adding/removing markup fiducials) in order to ensure the desired structure or ROI is fully 

enclosed. Once an operation has been applied, the model is then used to “cut the surface” – creating 

a segment from the model by converting the image poly data to a stencil, applying the stencil to the 

image with the desired operation, and then modifying the selected segment by the output labelmap. 

SurfaceCut was implemented with five different operation types: “Erase inside”, “Erase outside”, 

“Fill inside”, “Fill outside”, and “Set”. These operations are all applied to the currently selected 

segment and other segments depending on the mask settings selected in SegmentEditor. The first 

four operations are fairly self-explanatory, filling/erasing the inside/outside of the surface defined 

by the markup points. The fifth operation, “Set”, is a combination of “Fill inside” and “Erase 

outside”. It performs both of these operations, giving the user the ability to set in place the 

delineated structure while removing any data in the segment outside of this delineated region. An 

“Edit” button is also available, allowing the user to edit the previously placed group of fiducials 

(e.g. if after applying an operation, the user realizes they missed a piece of the structure). When 

used in conjunction with other effects, SurfaceCut provides functionality for quick segmentation 

of structures/ROI that can be delineated with a mostly convex shape. An example application of 

the SurfaceCut effect is shown in Figure 3.1 below. 
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Figure 3.1. An overview of the SurfaceCut effect with an example application. The module panel 

is displayed with the five available operations and other GUI tools (A), within the SegmentEditor 

extension. The start of a segmentation can be seen in the view panels, with the red fiducials (B) 

visible, alongside the real-time green contour (C) connecting the fiducials. 

After the extension was implemented and added to the SegmentEditorExtraEffects 

extension, an update was made to how the closed surface model is generated from the fiducial 

markups. Instead of directly applying Delaunay triangulation, the surface model is generated via 

MarkupsToModel; a 3D Slicer module found bundled in the SlicerIGT extension.  The logic in 

this module is used, with the surface model being returned as output. MarkupsToModel still uses 

the vtkDelaunay3D filter but introduces more sophisticated handling of the different point 

arrangements while also providing smoothing of the surface model. The point arrangement is 

determined by computing the transformed extent ranges from the input points and getting the 

bounds of those points, comparing these ranges to determine the arrangement. For nonplanar 

arrangements, a vtkButterflySubdivisionFilter is used to help with smoothing 

(subdivides each triangle into four new triangles). This filter implements the 8-point butterfly 

scheme described by Zorin et al. [77]. 
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3.2.2 MaskVolume Effect 

As mentioned in the previous section, the 3D Slicer extension VolumeClip consists of two 

modules. The functionality of these modules is applied to the volume that is selected, modifying 

the contents of the volume directly. This is as opposed to the SurfaceCut effect described above, 

which is implemented in SegmentEditor and applied to a segment in a segmentation node only, 

with no modification made to the reference volume. While this is ideal for those tasks that require 

a segmentation as a separate data structure, it is often useful to be able to apply a created 

segmentation as a mask to an image volume. This can be used to remove unwanted objects from 

the volume or to isolate an individual organ/structure. This was the goal of the MaskVolume effect, 

to be able to take the currently selected segment and apply it as a mask to the master volume 

(reference volume for the segmentation). 

 

Figure 3.2. The module panel within the SegmentEditor extension for the MaskVolume, with the 

three available operations visible. The default output volume is a new binary labelmap, but an 

existing volume can be selected as needed. 

 The common implementation details for SegmentEditor effects is described in the 

preceding section and those details also apply here. The MaskVolume effect provides the user with 

three different operations: “Fill inside”, “Fill outside”, and “Fill inside and outside”, as seen in 
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Figure 3.2. The former two operations are fairly self-explanatory, filling the volume inside or 

outside of the region delineated by the current segment. The user can manually select the fill value 

(pixel value) used for these operations. The latter operation, “Fill inside and outside” allows the 

user to create a binary mask in the form of a binary labelmap. This can be useful for image 

registration, image bias correction, etc. When this operation is selected, the user is given two fill 

values to choose: the inside and the outside volume value (with default 1 and 0 values, respectively) 

of the region segmented. As mentioned, this operation results in a binary labelmap output as 

opposed to modifying the master volume in place. The actual masking operation is performed using 

a vtkImageStencil, setting the background value to the set fill value (using the reverse stencil 

if using the “Fill outside” operation). For the binary mask, a vtkImageThreshold is used as this 

gives the ability to set both an inside and outside pixel value. The threshold output is then passed 

as input to the vtkImageStencil, which combines images using a stencil. The user is given 

control over input and output volume selection. The input and output volumes can be the same, for 

cumulative masking, or a new output volume can be selected. Additionally, the segment being used 

as a mask can be created using any other of the SegmentEditor effects or imported from elsewhere. 

An example application of the MaskVolume effect can be seen in Figure 3.3 below. While this 

effect is currently available through the SegmentEditorExtraEffects extension, it is currently in the 

process of being integrated into the 3D Slicer core. This will result in all users of 3D Slicer, via the 

preview builds and eventually stable build, having immediate access to the functionality without 

having to search/install any additional extensions. 
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Figure 3.3. An example of a masked (left) vs. un-masked (right) image volume. The green contour 

visible on the right was used as an input to MaskVolume and applied to the image volume on the 

right, resulting in the masked binary labelmap visible on the left. 

3.2.3 MultiVolumeExplorer Upgrade 

MultiVolumeExplorer is a 3D Slicer extension that is used to explore multi-volume image 

data, by providing a set of tools that can interactively chart, render, and visualize the data. This 

extension is an external Slicer module, meaning that while it is included in the nightly Slicer build 

and doesn’t have to be installed for each new 3D Slicer installation, it is a standalone extension 

created by a 3D Slicer developer. This allows for the functionality offered to be more accessible to 

users, as it comes packaged with the software. Being part of a nightly build means that if there are 

changes made to any dependencies of individual extensions, those extensions can become broken 

until changes are made to reflect the update to the dependencies. This is important as these 

extensions can be used in other extensions, creating a cascading effect if something is broken 

further down the pipeline. In this case, SliceTracker uses the MultiVolumeExplorer widget during 

the pre-processing step via the mpReview module. While working on the target displacement charts 

for SliceTracker, an update to the plotting infrastructure used by 3D Slicer required an overhaul of 

the charts as the new API changed the way many data elements were accessed and handled. This 



 

54 

 

experience working with the new plotting API led to the opportunity to revise other extensions that 

were affected by the API changes, in this case MultiVolumeExplorer. The extension was updated 

with the new infrastructure, notably the change from using a ctkVTKChartView as the main plot 

widget and vtkTable for data storage. These were changed to instead use MRML nodes 

(qMRMLPlotView, vtkMRMLPlotViewNode, vtkMRMLPlotChartNode, etc.), bringing the 

plotting infrastructure more in line with how other data structures are handled in 3D Slicer. This 

particular development task exemplifies one of the difficulties of an open-source software platform 

that has many individual extensions and contributors. When a core dependency is updated, there is 

no automatic update made to the extensions or modules that have that particular dependency. As 

such, if extensions are not regularly maintained, they can become broken over time. However, 

having a stable version to complement the nightly (daily) versions helps as the delay between stable 

versions gives time for the broken extensions to be recognized and updated. 

3.3 SliceTracker Contributions 

SliceTracker is an application-specific extension built for 3D Slicer. It was created to 

support transperineal MR-guided prostate biopsies, with navigation and tools to manage case data. 

SliceTracker provides a good example of the power of 3D Slicer; combining individual tools that 

already existed and bringing them together to create an end-to-end solution. Due to the openness 

and extensibility of 3D Slicer, it was possible to maintain and enhance SliceTracker with new 

features while it was actively being used to support procedures. This was possible in part due to the 

nightly (daily) builds offered by 3D Slicer, which allow for software changes to be deployed 

quickly after they’re made (e.g. next day). Also, new extensions that were made available via the 

3D Slicer extension repository could be integrated within SliceTracker with relative ease (e.g. 

Deepinfer). The new features can be integrated directly to the research workstation or ran in a 

“shadow” mode where two workstations are run in parallel, with data being forwarded from the 

research workstation to the testing workstation. This allows for new features, especially those 
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fundamental to the workflow, to be tested to ensure no bugs prior to deployment.  These qualities 

allowed for feedback received from clinicians and other procedure staff to be actioned on in real-

time without considerable delay. This concept is important as it allows for software bugs to be 

squashed quickly but also for new features to be added that complement the clinical research 

procedure and provide a more complete software solution, all in a reasonable timeframe. This is in 

stark contrast to commercial systems, where any feedback would have to go through a pipeline for 

action to be taken: feedback relayed to the company, delegated and actioned on by the company, a 

waiting period for either a software update to be pushed (with associated priority of the fix/feature 

given by the company) or response to feedback, and then finally be received and tested by the end 

user. Below, features and other development contributions made to SliceTracker over the course of 

this thesis are described. 

Evaluation of these contributions follows a similar principle as described in section 3.2. 

Any modifications made to SliceTracker were tested in a “shadow” mode setup, ensuring proper 

functioning prior to integration into the stable version. This included testing to make sure the 

modifications did not have a negative impact on other core functionality, as well as to see that the 

platform achieved consistent results after modifications were made. That is, results of the workflow 

were compared between the stable and “shadow mode” workstations throughout the course of the 

procedure. Additionally, where applicable, user feedback from the interventionalist performing the 

procedure was obtained. While not fully objective, this feedback was used to help guide changes 

made.  

3.3.1 Target Displacement Charts 

SliceTracker assists with navigation of the biopsy needle throughout the course of the 

procedure. It receives all new images that are taken and updates the locations of the biopsy targets 

as these are received and registered. As a result, by following the change in location of each biopsy 

target, you can quantify the movement experienced by the prostate over the course of the biopsy 
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procedure. With this realization, the goal was to create a set of plots that would be able to display 

the movement of the prostate and in what direction(s). As such, each biopsy target needs to be 

displayed with a plot for each component of motion. With regards to the target displacement charts, 

the goal was to display the prostate motion in each of these three anatomical planes, in addition to 

the overall 3D distance.  

 

Figure 3.4. An example of the target displacement charts, with a sample case showing displacement 

of a single target over a few needle guidance images. Three individual displacement components 

and 3-D distance are displayed. 

 The target displacement charts were implemented in Python and created as a plugin within 

the SliceTracker application. This plugin architecture was designed so that individual tools could 

be easily replaced or updated. It consists of two classes: a logic class titled 

SliceTrackerDisplacementChartLogic and a GUI class titled 

SliceTrackerDisplacementChartPlugin. These classes inherit from their respective base 

classes SliceTrackerLogicBase and SliceTrackerPlugin, which provide the necessary 

common functionality for SliceTracker plugins. The logic class handles computing the 

displacement for each of the targets. This is achieved by simply taking the current target coordinate 

position from the current image series and subtracting from it the current target coordinate position 
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from the previous image series. This results in the displacement of each target since the last image 

acquisition, as visible in the example case in Figure 3.5. The logic class also connects the plugin to 

the SliceTracker session when handles all the data and events for the current case as well as the 

movement of the case between each of the steps. It also allows the plugins to access data elements, 

such as the current and previous image series, as needed. 

 The SliceTracker GUI class handles the chart widget and all of the plots, updating them as 

necessary. This includes a series of initialization methods for updating the chart data and plot 

widgets upon setup and closing of the plugin. Plots are displayed only for image series that are 

needle acquisition series. That is, for the initialization series such as those for template calibration 

and initial registration between pre-operative and intra-operative images, no plots are displayed as 

there are no targets to track. Additionally, plots are not displayed for un-processed needle 

acquisition series (e.g. those that fail registration) in order to ensure that the motion of the prostate 

is being tracked correctly. Thanks to the architecture of SliceTracker, this is trivial to implement as 

each series is provided a seriesLabel which indicates whether it is a guidance image series or 

not. Also, the SliceTracker session has methods to check status of registration (accepted/rejected). 

The GUI class also handles the updating of the entire chart via the 

updateTargetDisplacementChart method, updating so long as there is targets available and 

the target displacement chart is displayable (e.g. the current image series is a valid series as defined 

above). 

The chart widget and plots were implemented using the 3D Slicer plots API. 3D Slicer uses 

the Medical Reality Markup Language (MRML) in order to store information about the current 

scene within the application. MRML consists of three different node types (data node, display node, 

and storage node) and widgets, and each data type has a special MRML node associated with it. 

For the chart and plots, a qMRMLPlotWidget sits in the main Slicer GUI. It is the top-level plotting 

widget that handles displaying the plot(s). There is also a qMRMLPlotView which is the display 



 

58 

 

canvas for the plot(s). This canvas rests inside the qMRMLPlotWidget. The chart that handles the 

plot data and properties for the chart (title, fonts, etc.) is a vtkMRMLPlotChartNode. This node 

has reference to the appropriate vtkMRMLPlotSeriesNode data series that are to be displayed in 

the chart. The data series are a vtkMRMLTableNode that store the appropriate x/y values and 

labels. 

The target displacement chart widget is updated by monitoring a 

TargetSelectionEvent found in the session using an event observer. When this event gets 

triggered, the onTargetSelectionChanged method in the chart plugin gets called. This updates 

the widget if there are targets available (in the target table found in the GUI) and an appropriate 

image series is selected. 

3.3.2 Segmentation Validator Plugin 

Segmentation of the pre-operative MR planning image can be done either manually or 

automatic. The ability to segment automatically was made available through the integration of 

Deepinfer, presented earlier. This automatic segmentation method does not always provide optimal 

results or may require slight modifications (e.g. a missed section of the prostate gland on one slice 

only). Instead of requiring the segmentation to be completely redone, the ability to modify the 

segmentation using manual segmentation tools (if required) was deemed to be a necessary 

functionality. This feature was added via a new plugin titled segmentationValidator, with the 

role of providing the user with a GUI to visually inspect the segmentation result and access to the 

tools required to modify the segmentation if the result was found to be unsatisfactory. 
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Figure 3.5. SegmentationValidator GUI with the three main sections: (1) axial slice widget, 

(2) confirm/cancel buttons, (3) SegmentEditor widget. The slice widget shows a sample 

segmentation contour visible in green, and a sample fiducial target placed in red. 

The GUI was constructed as a pop-up window with three main sections (Figure 3.6): (1) 

the slice widget displaying the axial view of the planning image with the overlaid automatic 

segmentation result, (2) three buttons giving the user the option to modify, confirm, or cancel the 

segmentation, (3) a SegmentEditor widget providing access to segmentation tools to modify the 

segmentation result if required. The slice widget references the “Red” slice node that is found in 

the main 3D Slicer GUI and hence the planning image volume and segmentation result are already 

displayed. The overlaid segmentation result is a labelmap volume and is imported into a 

segmentation node (vtkMRMLSegmentationNode) if the “Modify Segmentation” button is 

selected, with the segmentation node consisting of segment(s) that represent an individual structure 

or ROI. This allows the user to modify the segmentation using SegmentEditor, as the tools in 

SegmentEditor operate only on a segmentation node with a master volume as reference. Once the 
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modifications have been completed and the “Confirm Segmentation” button has been clicked, the 

segment(s) in the segmentation are exported into a labelmap volume node. This allows the 

procedure to continue, as a labelmap is required for the pipeline to move forward (e.g. the labelmap 

is immediately passed to runBRAINSResample which resamples the labelmap volume using the 

pre-operative planning image as a reference volume). The SegmentEditor widget found in the GUI 

window is a simplified version of the built-in 3D Slicer SegmentEditor, giving the user access to 

the different effects to modify the segmentation result, but removing the ability to add/remove 

segments or change the master volume/segmentation node. An additional extension for 3D Slicer, 

SegmentEditorExtraEffects, provides experimental effects for SegmentEditor and these are 

also available through the segmentationValidator plugin. If the “Cancel” button is clicked, a 

confirmation dialog will display asking the user if they want to revisit pre-processing for the current 

case. If they select yes, SliceTracker will reload mpReview, a 3D Slicer extension integrated into 

SliceTracker which is used for data pre-processing (target annotation, data visualization, and 

manual segmentation if chosen).  

The full SliceTracker source code is available on Github4, with the logic and GUI related 

code residing in the /SliceTracker folder. From here, all plugins, algorithms and main 

application “steps” (overview, evaluation, segmentation, etc.) are stored under 

SliceTrackerUtils. Plugins are organized within the steps directory, accessible at 

/SliceTrackerUtils/steps/plugins. This includes the segmentationValidator and 

charts plugins. 

                                                      

4 https://github.com/SlicerProstate/SliceTracker 

https://github.com/SlicerProstate/SliceTracker
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Chapter 4 

Evaluation of an Open Source Platform for Transperineal In-bore MRI-

guided Targeted Prostate Biopsy 

Much of this chapter is work that is found in the accepted paper: Christian Herz, Kyle MacNeil, 

Peter A. Behringer, Junichi Tokuda, Alireza Mehrtash, Parvin Mousavi, Ron Kikinis, Fiona M. 

Fennessy, Clare M. Tempany, Kemal Tuncali, Andriy Fedorov. (In Press). “Open Source 

Platform for Transperineal In-bore MRI-guided Targeted Prostate Biopsy,” IEEE Transactions on 

Biomedical Engineering. This work was supplemented with additional content not found in the 

referenced paper. My contributions within the paper are listed below: 

• Data collection and pre-processing for the retrospective and prospective study with 

Christian Herz 

• Study design for both retrospective and prospective study with Christian Herz 

• Integration of manual segmentation plugin (using developed SurfaceCut effect) 

• Integration of segmentation validator plugin for automatic segmentation validation and 

modification 

• Data analysis for retrospective and prospective study with Christian Herz 

Evaluation of the software contributions was performed via a “shadow mode” testing as described 

in Chapter 3. Additionally, all software contributions were utilized during the prospective data 

collection, with these clinical cases providing validation through the evaluation studies described 

below.  

4.1 Introduction 

 The need for targeted approaches to prostate biopsy has been presented earlier. This need, 

combined with the lack of access to data and customization of commercial platforms currently 

available for targeted prostate biopsy provided the primary motivation for the development of a 



 

62 

 

free open source platform for tpMRgBx to streamline implementation and enable clinical research 

on refining the prostate biopsy related analysis tools. I believe that such a platform can facilitate 

the evaluation of the overall efficacy of the technique and its comparison with the alternative 

approaches. 

Clinical research on tpMRgBx was initiated at Brigham & Women’s Hospital (BWH) in 

1998 [131], [132]. Since 2010, the procedure has been performed over 700 times in a 3.0T, wide 

bore (70 cm) Siemens Magnetom Verio [133]. At other institutions, the tpMRgBx approach has 

also been performed utilizing the commercially available DynaTRIM system (Invivo, Gainesville, 

FL) [129], [130]. To the best of our knowledge, no publicly available open source platform 

supporting tpMRgBx is currently available. 

In this work SliceTracker is presented - an open source extension for 3D Slicer. 

SliceTracker integrates the individual processing components developed earlier (e.g., deformable 

registration mapping biopsy plan to the intra-procedural data [72], registration of the guidance 

template [36] and automatic segmentation of the prostate gland [65]) with a user workflow interface 

and versatile image visualization, providing a complete end-to-end user-oriented open research 

platform for transperineal MR-guided in-bore prostate biopsy. 
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Figure 4.1. Procedure workflow implemented in SliceTracker. Green boxes represent steps that 

require user interaction. Blue boxes correspond to the software processes that are performed 

automatically. Segmentation of the prostate gland can be done either automatically or under user 

guidance. 

4.2 Materials and Methods 

SliceTracker was developed as a versatile platform capable of meeting the requirements of 

different user groups: procedure support personnel, developers of image processing tools, and 

clinical researchers utilizing the data for knowledge discovery and gaining new insights into the 

disease. From the perspective of the procedure support personnel, provided is an easy to learn 

and use interface that enables robust and powerful visualization and decision support capabilities, 

with a powerful back-end. The platform was designed to allow streamlined integration by the 

developers and testing of new tools within the workflow. Finally, to enable clinical research and 

reuse of the data collected during tpMRgBx procedures, SliceTracker captures relevant procedure 

data and makes it accessible using open and documented representation. 
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The implementation closely follows the two-phase clinical workflow of the tpMRgBx 

procedure. In this section, an introduction to the clinical workflow is provided, followed by the 

analysis of the requirements and our approach to the evaluation of the software. 

A. Clinical Procedure 

The tpMRgBx procedure is performed in our institution by a team consisting of four to five staff 

members: 

• an interventional radiologist utilizing the information provided by the imaging and 

postprocessing equipment to perform the biopsy; 

• an MR technologist operating the MRI scanner; 

• a research assistant operating a workstation that provides image processing and 

visualization functionality to the interventionalist; 

• nurses dedicated to supporting the clinical side of the procedure; 

• an anesthesiologist joining the team when needed (the procedure is typically conducted 

with the patient sedated, but not requiring full anesthesia). 

The biopsy workflow is summarized in Figure 4.1. It includes two phases, both of which take 

place on the day of the biopsy and within the interventional MR suite: the planning (preprocedural) 

phase, and the intervention (intra-procedural) phase. 

The planning phase consists of the review of mpMRI DICOM study acquired before the 

procedure for localization and grading of suspicious targets. Target(s) are placed on the pre-

procedural axial T2-weighted (T2w) image series. Patients can be imaged and referred for biopsy 

from practices outside of our institution. Therefore, pre-procedural datasets can be heterogeneous 

in acquisition protocols (as an example, in the dataset used in the evaluation, in-plane resolution 

and slice thickness ranges were 0.3-0.7 mm and 3.5-4.0 mm, respectively). This phase is not time-

critical, since it can be performed before the patient is positioned in the scanner bore. 
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The interventional phase starts with the positioning of the patient within the scanner using 

a custom-made MR compatible table top and leg support, and setup of the needle insertion grid 

template device [36]. Image acquisition starts with a T2w image of the z-frame calibration device 

[20] rigidly attached to the needle insertion template. Image of the z-frame is then used to 

register the needle insertion template to the patient space. Next, a T2w image covering the prostate 

gland (~4 min scan time) is acquired for re-identification of biopsy target(s) localized 

earlier in the planning dataset. The latter is done by means of deformable registration between the 

pre- and intra-procedural T2w images [72], which in turn relies on the approximate segmentation 

of the prostate gland to define the region of interest. Once the images are registered and the accuracy 

of the registration is visually confirmed by the interventionalist, a registration transformation is 

applied to propagate the locations of the biopsy targets from the planning (pre-procedural) to the 

intra-procedural T2w image. Given target locations, template hole and needle insertion depth are 

automatically calculated, and the interventionalist proceeds with the needle placement and tissue 

sampling for the individual target locations. Upon needle insertion, another quick T2w scan (~1 

min scan time) is performed with the needle in place to evaluate needle position with respect to the 

target. This verification step is necessary due to the possibility of needle deflection and motion of 

the prostate gland. If necessary, needle adjustments are made, and the process is repeated until the 

interventionalist is satisfied with the targeting accuracy and quality of the biopsy sample [8]. 

B. Software Requirements 

1) Functional Requirements 

The key requirement for the software is to provide support for the clinical research 

procedure while accounting for the possible variations in the clinical workflow or imaging data, 

and accommodating preferences of the interventional radiologist. The main capabilities that should 

be supported by the software include automatic receipt and volumetric reconstruction of the 

DICOM data, support of target localization in the pre- and intra-procedural images, automatic 
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assignment of the image type, registration of the z-frame device, re-identification of the biopsy 

targets, and flexible visualization modes to support target localization, evaluation of needle 

placement, and assessment of automated processing steps. 

The interface to the processing tools should expose just the minimum required parameters 

necessary, aiming to simplify the interface for the user. The software should guide the user over 

the steps of the workflow, prompting for input where automatic updates are not available, or where 

manual verification is needed. Advanced functionality of the software should be accessible and 

configurable using customizable workflow components and user settings. 

The software must be able to seamlessly integrate existing tools into the workflow and user 

interface. The platform should be extensible to accommodate integration of new processing 

tools in the future, as improved and more automated approaches are developed, and new features 

are added. In practice, failures of automatic processing tools are inevitable. The software should 

handle failures gracefully, implementing alternative processing approaches. In the situation when 

all automatic processing tools fail, the software should implement a fallback step allowing for 

manual remediation with minimum burden to the operator. 

Reuse of the data collected during the clinical procedures is critical in research. In medical 

imaging research, such data can be used to establish performance and its limits for the automatic 

processing tools (as applied to the biopsy procedure; those can include localization of the targets, 

segmentation of the prostate gland, deformable registration), identify bottlenecks, and quickly 

locate problematic datasets. In clinical research, data collected during the biopsy procedures can be 

used for investigating correlations between pathology samples and the imaging phenotype. It is 

therefore critical that the software maintains the provenance of the collected image data, as well as 

the data produced by the computational tools or by the software operator. The resulting data should 

be captured using structured, machine-readable form to allow for its subsequent analysis and reuse. 

2) Non-functional Requirements 
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Non-functional requirements refer to the specific criteria that the resulting system should 

satisfy. Here the criteria that need to be followed in the process of the software development are 

described, and how they map to the procedure the software intends to support. 

Usability The system operator should not be expected to possess detailed technical 

knowledge about the workings of the system. It is also important to make the system usable by the 

contributors of the automated analysis components, who are expected to have the domain expertise, 

but may not be familiar with the intricacies and requirements of the clinical procedure. 

Maintainability The software is intended for supporting clinical research in tpMRgBx at 

BWH and other sites. It is therefore important to develop the code with the goal of supporting future 

contributors of new functionality and bug fixes. To achieve this goal, it is critical to use a code 

versioning system optimized for collaborative development, follow consistent style and provide 

documentation. To encourage reuse and contributions, the software needs to be freely available and 

distributed under the 3D Slicer license. Furthermore, dependent software libraries need to be 

compatible with the 3D Slicer license. 

Robustness The proposed software is based on the 3D Slicer platform. 3D Slicer is neither 

an FDA-approved nor FDA-cleared medical device and does not meet all the requirements for 

robustness that would be expected from a commercial product. Under certain conditions, it is 

possible (if not inevitable) to experience failures of the application. It is essential to develop the 

application while accounting for the possibility of such failures and implementing features to 

communicate those failures to the operator, and support recovery of the application state during 

clinical research procedures (i.e., a failing registration where no output volumes or transforms were 

produced, or complete crash of the application). 

Documentation Dedicated documentation is necessary to provide introduction to main 

functionalities of the software, and to train new operators of the software. Documentation should 

be developed to accommodate prospective users that may or may not have the technical background 
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or understanding of the procedure workflow. Documentation should be accompanied by sample 

data to support training of the new users. 

Portability Constraints on the operating system required to run the software can limit its 

adoption. 3D Slicer can be used on either Windows, Linux, or macOS operating systems. It is 

important the proposed extension does not introduce any new components that would restrict 

portability. 

Reusability The proposed software solution is tailored for the specific clinical procedure, 

and as such it is not expected that the software would be reusable directly for an unrelated 

procedure. Despite that, the components that emerge during development should be designed to 

support reuse for similar image-guided interventions (e.g., needle guided cryoablation). 

C. Software evaluation 

The imaging data used in this evaluation were collected as part of a HIPAA-compliant 

prospective study that was approved by the IRB at BWH. Signed consent form permitting the use 

of images for research purposes was obtained from every participant of the study. 

The software was extensively evaluated to establish conformance of the implementation to 

the key functional requirements related to its accuracy and reliability, and to evaluate the 

performance of the automatic processing components. Our study includes both retrospective and 

prospective evaluation. Retrospective evaluation of a system, using data collected during past cases, 

allows for manually annotating such data and performing quantitative assessment. Also used was 

a retrospective evaluation, to compare interchangeable components of the platform and inform the 

choice of the default configuration for its prospective use. The software was further refined and 

developed based on this evaluation. The prospective part utilized the final version of SliceTracker 

with no modifications introduced in the course of the evaluation, with the data being collected 

during "live" clinical procedures. As mentioned, the data for the retrospective and prospective 

evaluation were tpMRgBx cases that were supported using SliceTracker. The retrospective subset 
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of data included 73 cases performed between August 2015 and September 2017, while the 

prospective data included 10 cases performed between September 2017 and April 2018. These 

cases were selected from a larger collection of completed cases based on a list of conditions, some 

outlined in the above sections. All procedures were performed at a single institution, BWH, where 

all data was collected excluding some pre-procedural images that were collected at a referring 

institution and used for target placement. Cases were supported by a few different workstation 

operators throughout the duration of this study and I supported a total of 38 cases over the course 

of the retrospective and prospective evaluation collection period. For the role of the workstation 

operator, responsibilities include the setup of the workstation and appropriate connections, loading 

of pre-procedural data for target placement, guiding of the software through each of the workflow 

steps (including manual segmentation if needed), and rectifying any issues that arise throughout 

the procedure (with the workstation). 

1. Retrospective evaluation 

Registration accuracy Our evaluation used in-plane Landmark Registration Error (LRE) 

for quantifying registration accuracy. A biopsy core has a length of about 1 cm and is collected 

while the needle is being inserted longitudinally. The out-of-plane error has less impact on the 

sampling accuracy because of this orientation [72]. Between one and three localized anatomical 

features of the prostate (e.g., entry of the urethra, centroids of calcifications and cysts) were selected 

as landmarks. LRE was computed for all sets of landmarks by calculating the in-plane Euclidean 

distance between the corresponding intra-procedural landmarks and the pre-procedural landmarks 

after applying the registration transformation produced by SliceTracker. A specific case was 

considered suitable for annotation with landmarks if both the pre-procedural and intra-procedural 

images had anatomical features that could be localized visually by the operator performing image 

annotation. 
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Effect of the prostate segmentation approach The image registration approach that 

proved effective for biopsy target reidentification relies on the selection of the region of interest 

corresponding to the prostate. This region of interest can be segmented by the user, or it can be 

segmented automatically. To inform the choice of the default approach for prostate segmentation, 

LRE values were compared for the registration results obtained using the two different 

segmentation approaches. 

In addition to measuring LRE for the individual segmentation approaches, variability in 

the registered target location as a function of the segmentation method was also evaluated. This 

measure was quantified using the Target Registration Sensitivity (TRS) metric, which was defined 

as the absolute in-plane Euclidean distance between the locations of targets obtained using the two 

segmentation approaches. TRS was evaluated in the axial plane. 

Biopsy target re-identification time  The metric target reidentification time is defined as 

the duration between receipt of the intraprocedural T2w image of the prostate and the availability 

of the biopsy targets propagated to the intra-procedural image by means of deformable registration. 

This time includes receipt and volumetric reconstruction of the DICOM data, prostate segmentation 

and image registration, visual confirmation of registration accuracy, troubleshooting of the 

registration if needed, and application of the resulting transformation to the pre-procedural targets. 

Overall reliability In addition to the quantitative measures of performance, data was 

collected regarding the reliability of the individual components of the system, measured as the 

number of failures of the automatic processing components (namely, automatic segmentation and 

deformable registration). 

Statistical analysis Normality distribution testing of a sample was done using Shapiro-

Wilk test. Non-parametric comparison of two samples was performed using the Mann-

Whitney U-test. Statistical significance level was fixed at 0.05. All statistical testing was 
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done using the scipy.stats (v.1.2.1) Python package. Plots were prepared using matplotlib 

(v.3.0.2), seaborn (v.0.9.0) and/or bokeh (v.1.0.4) Python packages. 

2. Prospective evaluation 

Our prospective evaluation utilized the data collected during consecutive clinical cases 

supported with the finalized implementation of the software. 

Procedure time The total procedure time was measured as the time between receiving the 

T2w image of the z-frame calibration device and the time when the operator explicitly indicated 

the completion of the procedure. 

Biopsy target re-identification time This measure was defined in the same fashion as for 

the retrospective evaluation. 

Targeting accuracy During the procedure, needle confirmation images are obtained after 

each needle insertion to assess accuracy of placement. Locations of biopsy targets are transformed 

automatically by means of deformable registration. Here, the orthogonal distance from the needle 

trajectory to the planned biopsy target location was used as a measure of Biopsy Targeting Error 

(BTE). This measure provides complementary information to LRE. While LRE allows one to 

retrospectively quantify the error in the locations of the image that contain recognizable image 

landmarks, BTE quantifies how close is the needle to the target. The needle trajectory was 

computed by using the 3D Slicer extension Deepinfer [65] and the methodology presented earlier 

for automatic segmentations of the needle [134] in every needle confirmation image. For each 

target, the shortest distance to the target and needle trajectory obtained over the course of the 

procedure was selected. It is expected that over the course of the procedure the interventionalist is 

refining the needle position to adjust for needle deflection and prostate motion, iteratively 

approaching the target closer. 
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Overall reliability Data characterizing the reliability of the individual components of the 

workflow utilized in the prospective evaluation were captured, as was done for the retrospective 

evaluation. 

 

Figure 4.2. Overall architecture of SliceTracker and its relationship with the supporting 

components of the 3D Slicer platform. SliceTracker core dependency is SlicerDevelopmentToolkit, 

introduced as part of SliceTracker development, implementing reusable components of general 

utility. A number of 3D Slicer modules and extensions were developed independently from 

SliceTracker (e.g., Deepinfer and SegmentEditor) but provide key functionality to the processing 

workflow. 

4.3 Results 

A. Implementation 

The SliceTracker platform is available to the user as an extension for the 3D Slicer 

application. As summarized in Figure 4.2, SliceTracker leverages the infrastructure provided by 

3D Slicer to access and utilize the capabilities of the existing external libraries, such as DCMTK 

[135], ITK [68], and VTK. It also leverages relevant extensions and modules of 3D Slicer, such as 

SegmentEditor (for semi-automatic image segmentation) and BRAINSFit [71] (for deformable 

image registration). The individual steps of the workflow integrate previously developed 

computational tools available as 3D Slicer plugins and extensions, streamlined for use in clinical 
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research applications. Source code of SliceTracker, accompanied by the documentation, is 

available at https://github.com/SlicerProstate/SliceTracker. 

Functional requirements The software was designed to follow the two-phase workflow of the 

clinical procedure as summarized in Figure 4.1, and to meet the functional requirements outlined 

earlier. To initiate the workflow for a new clinical case, the operator creates a new “case” within 

the software. All of the information pertinent to the processing is automatically stored to the file 

system for the active case, until the operator indicates that the case is completed. In the planning 

phase, individual mpMRI series are automatically parsed from the files corresponding to the 

DICOM multiparametric MRI study, volume-reconstructed, and opened for review. Following the 

PI-RADS guidelines [85], T2w, DCE and DWI series are automatically displayed and linked to 

allow for correlation of these modalities and identification of suspicious areas. Biopsy targets are 

marked by the interventionalist on the axial T2w image as point fiducials.  

 

Automatic segmentation of the prostate gland is performed using the deep learning 

approach integrated within Deepinfer. Segmentation is triggered automatically upon completion of 

target placement, with the result being displayed as an overlay in the axial view. The user has the 

option to perform segmentation manually, should the automatic result prove unsatisfactory. All the 

aforementioned steps can be completed prior to the start of the procedure. If the pre-procedural data 

is not available, the software can proceed directly to the biopsy phase, allowing for target placement 

on the intra-procedural T2w images. 

During the intra-procedural phase SliceTracker is configured to monitor the imaging data 

that is sent from the MRI console to the research workstation. The type of the incoming image (i.e., 

z-frame, T2w planning scan of the prostate, or needle confirmation image) is automatically 

recognized from the content of the DICOM SeriesDescription tag using configurable rules. Receipt 

of an image of a known type automatically triggers the corresponding step in the processing 
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workflow. Steps that involve automatic processing are always followed by a verification step, 

allowing the operator to remedy an unsatisfactory result, if necessary. 

Upon receipt of the z-frame image, the SliceTracker operator is prompted to identify the 

bounding box region of interest (ROI) containing the z-frame artifacts. Once the ROI is identified, 

segmentation of the z-frame is done automatically, followed by automatic registration of the 

template to the MRI coordinate system. Segmentation of the prostate in the initial intra-procedural 

T2w image is performed automatically using the same segmentation approach as in the pre-

procedural step, with the segmentation mask dilated by 5 mm to include the area outside the prostate 

capsule (this proved effective to make registration more robust). Prostate segmentation regions are 

used to automatically calculate the initial transformation for the intensity-based deformable 

registration. The deformable registration approach is based on the mutual information similarity 

metric and hierarchical transformation model implemented using ITK filters within the BRAINSFit 

extension of 3D Slicer, as described earlier [72]. 

 

Figure 4.3. SliceTracker interface during visualization of the tracked target location. On the left, 

the user control panel shows the list of targets, template insertion hole and depth, and registration 

type. The plots summarize the motion of the target tissue through the course of the procedure. On 
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the right, planned position of the target is shown side by side with the result of propagating the 

target location by means of registration to the needle confirmation image. Correlation of the needle 

artifact and target location assist in evaluating targeting accuracy by the operator. 

Upon completion of the deformable registration, SliceTracker switches to the registration 

evaluation mode that provides interactive tools for inspection of the result at any level of the 

prostate gland (e.g., checkerboard and split views of the registered images, cross-fade between the 

intra-procedural and registered planning images). The interventional radiologist visually inspects 

the quality of the registration and the locations of the transformed biopsy targets, and once they 

confirm the result to be satisfactory, the transformation produced by the registration is applied to 

the targets in the planning image. 

Subsequently, re-registration of the targets to the images collected for confirmation of 

needle positioning (needle confirmation images) is applied automatically. This is done to account 

for the possible motion of the patient and displacement and deformation of the prostate gland, as 

discussed in [136], [137]. Needle confirmation image registration is done fully automatically first, 

without the need to do any segmentation. User interaction is required only if the automatic attempt 

fails. 

In the situations where deformable registration fails, the operator has various options to 

rectify the possible reasons for automatic registration failure. The operator has the option to re-

segment the gland using semi-automatic tools by placing points on the boundary of the gland, with 

the overall segmentation interpolated from those points. Improved accuracy of the segmentation 

can lead to improved registration initialization. The operator also has a choice to examine and 

accept the affine or rigid registration result, if only the deformable registration stage failed. If all 

attempts fail, the user can manually modify the target location directly on the intra-procedural 

images. Figure 4.3 displays an illustration of the user interface (UI) in the registration evaluation 

step.  
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Usability and Reusability SliceTracker integrates the various components of the 

workflow under a unified interface. Mundane operations (e.g., parsing and loading of the DICOM 

image data or re-configuration of the image visualization layouts) that can take significant time 

from the operator and can lead to mistakes are performed automatically. The parameters for the 

individual processing steps are available in the advanced configuration settings and in the source 

code but are not exposed in the user interface to simplify the interaction. 

To support reuse of the data collected during the biopsy procedures, SliceTracker 

automatically stores the DICOM images, pre-processed data (targets, segmentations, volumes), and 

registration results in dedicated directories created with initialization of a new biopsy case. All data 

entities are stored using open formats. JavaScript Object Notation (JSON) file format in 

conjunction with JSON-Schema [140] for keeping track of persistent data location and including 

qualitative details pertaining to: 

- procedure event times: start, stop, resume, and completion; 

- series information: receipt times and types of series (cover template/cover 

prostate/guidance); 

- segmentation information: start and completion time, approach (manual or automatic), 

modification start and completion times (if applicable); 

- registration results: start and completion, approval status, person responsible for the 

approval of the result (clinician or operator). 

To make the code more usable by software developers, SliceTracker was implemented 

following a plugin architecture. Individual tools such as image segmentation, registration, and 

management of the case data are implemented as plugins that can be replaced or modified. 

Processing, visualization and annotation of the biopsy targets are implemented in a separate 

extension, mpReview (https://github.com/SlicerProstate/mpReview), which is integrated within 

SliceTracker, but can also be used independently, maximizing its applicability. 
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SlicerDevelopmentToolbox (SDT) (https://github.com/QIICR/SlicerDevelopmentToolbox) is 

another extension developed as part of SliceTracker implementation, providing a toolbox to 

extension developers that aim to maintain reusable components of the code. SDT provides a Python 

API offering mixins, widgets, helpers, constants, decorators, and other useful classes. The main 

goal of SDT is to assist developers in creating new extensions more quickly by providing a 

collection of frequently used components. Besides this, it provides assistive decorators helpful 

during debugging. 

Maintainability and Portability SliceTracker is implemented primarily in Python, with some 

of the components, such as z-frame registration, implemented in C++. SliceTracker and all of the 

components it utilizes are available under an open source license that does not restrict commercial 

or academic use. Our group use GitHub for maintaining the development process (revision history, 

integration of external contributions, and issue tracking). Being a 3D Slicer extension, the standard 

capabilities provided by the 3D Slicer platform are leveraged to generate packaged extension for 

Windows, Linux and macOS operating systems. 

Robustness The software implements several levels of fallbacks to improve robustness in case 

individual components fail. To support overall fault-tolerance, the state of the workflow is 

automatically checkpointed to the file system at the completion of the individual processing steps. 

If the software fails completely during the procedure, the state of the case can be restored from the 

checkpoint. Evaluation of SliceTracker using the data collected in clinical procedures, as presented 

in the following section, establishes specific evidence about the robustness of the software. 

Documentation and training SliceTracker is accompanied by a user guide 

(https://slicerprostate.gitbooks.io/slicetracker/) detailing each of the workflow steps with 

accompanying figures, and a de-identified sample dataset. Implementation includes “Training 

mode”, which allows to mimic receipt of the data collected in any of the past cases, allowing the 

new operators to be trained on real data. 
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Development timeline Prototyping and requirements analysis started in February 2015. The 

initial feature-complete version was successfully integrated into the clinical research workflow in 

July 2016. Following the initial evaluation period, the source code underwent a major refactoring 

process to modularize its architecture and simplify implementation of new features. Software 

workflow steps outlined earlier were organized in separate Python classes implemented as event-

based plugins. SliceTracker v2 was the result of the refactoring process and led to new features 

being integrated, including target displacement charts for tracking intra-procedural prostate gland 

motion and automatic segmentation of the prostate gland in pre- and intra-procedural images via 

the 3D Slicer extension Deepinfer [65]. SliceTracker successfully met the requirements described 

in the Requirements section with the introduction of version 2. 

 

Figure 4.4. Summary of the Landmark Registration Error (LRE) and Target Registration 

Sensitivity (TRS) for the data used in the evaluation. Cases are ordered by the LRE Automatic 

Segmentation values to facilitate visual assessment of the error distribution. 

B. Retrospective evaluation 

Registration accuracy To evaluate accuracy of the deformable registration used for target re-

identification, 73 retrospective cases were selected and pre- and intra-procedural images from 

retrospective cases were manually annotated with landmarks (1-3 per case, for a total of 168 

landmarks). Mean LRE was 1.88±2.63 (range 0.05-12.68) mm. In 60 cases an endorectal coil 

(ERC) was used during pre-procedural image acquisition. Mean LRE for cases with ERC was 

higher (p˂0.01) with 2.17±2.83 (0.05-12.68) mm, when compared to 0.59±0.39 (0.09-2.12) mm 
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for cases with no ERC present. The number of biopsy targets in this cohort was 1.7±0.8 (1-4) per 

case, and the number of needle confirmation images per case was 7.3±4.0 (1-21). 

Effect of segmentation approach Automatic segmentation was retrospectively applied to 44 

of the 73 cases selected initially. Cases were only selected if all of the following conditions were 

satisfied: the image was from the same domain as the dataset used for training the deep learning 

model (ERC was used in the pre-procedural scan, and pixel spacing was in the range of 0.27-0.275 

mm), and the case was not used for training and/or validation of the model. One case was excluded 

from this subset due to failure of the automatic segmentation, resulting in a total of 43 cases used 

for evaluation. LRE was computed for all landmarks (n=96) using both the manual and automatic 

segmentations (see per-case averaged LRE in Figure 4.4). Distributions of the LRE were strongly 

skewed towards 0 and non-normal based on visual checks, and as confirmed by the Shapiro-Wilk 

test (p<0.0005). Therefore, statistical significance testing for comparing LRE samples was done 

using the Mann-Whitney U-test. No significant difference (p>0.05) was observed between the 

mean LRE for the two approaches compared (1.62±2.12 (range 0.10-13.28) mm for automatic 

segmentation vs 1.76±2.15 (0.05-8.83) mm for manual segmentation). Deformable B-spline 

registration failed to produce a result in 5 cases where the manual approach was used, and in 3 

cases (different from the aforementioned 5) where the automatic approach was used. Affine 

registration was applied for these cases in place of the B-spline approach. TRS was calculated for 

all targets (n=70). Mean TRS was 2.51±2.19 (range 0.17-8.94) mm. TRS averaged over the targets 

in each of the cases is summarized in Figure 4.4 alongside average LRE for each respective case. 

Deformable B-spline registration failed in one case. As discussed above, affine registration was 

applied for this case in place of the B-spline registration. 
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Figure 4.5. Boxplot summary of the processing time for different image types for the prospective 

evaluation component. Time was measured as the difference in automatically recorded timestamps 

between the acceptance of the registration result by the operator and the receipt of the image by 

SliceTracker. 

Target re-identification time A total of 56 retrospective cases supported with SliceTracker 

were analyzed to calculate the target re-identification time. The subset of 56 cases that had 

procedure timestamps were selected from the 73 used in the registration accuracy evaluation. The 

mean time to provide target locations to the operator was 4.98±5.00 (1.17-25.17) minutes. 

C. Prospective evaluation 

A total of 10 consecutive cases were used to collect the data for prospective evaluation. In 3 

cases ERC was used during the pre-procedural image acquisition. The number of biopsy targets per 

case was 1.2±0.4 (1-2), and the number of needle confirmation images was 7.3±1.9 (4-10). 

Intra-procedurally, a total of 84 images were taken (11 cover prostate, since on one occasion 

the initial intra-procedural scan had to be re-taken, and 73 needle confirmation images). A total of 

91 registration results were produced. In 7 of 91 of registrations, the result was deemed 
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unsatisfactory and registration was retried. In only 1 of the 81 image pairs that were registered did 

the situation arise where none of the fallback approaches for automated registration produce a 

satisfactory result for the operator, and the registration was completed manually. The comparison 

of times for different types of images, with and without retries, is shown in Figure 4.5. 

Automatic segmentation in the biopsy planning images was modified by the operator in 7 out 

of 10 cases. Automatic segmentation of the intra-procedural images was more consistent, with only 

one of the 16 intra-procedural automatic segmentations being modified by the operator. 

 Target re-identification time was 4.60±2.40 (2.21-8.31) min. Mean procedure length from 

receiving the z-frame template image to completion of the case was 53.06±9.08 (22.24-82.59) min. 

BTE was 2.4±0.98 (1.4-4.4) mm. Importantly, computation contributed only a small fraction of the 

total procedure time. This can be seen from Figure 4.6, which provides a timeline view for each of 

the 10 prospective cases, summarizing various relevant events and their duration from the receipt 

of the template image to the completion of the case by the operator. 

 

Figure 4.6. Procedure event timeline for the cases used in the prospective evaluation. Each of the 

10 cases is accompanied by four lines (as shown in the annotated inset for Case 3), from top to 
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bottom: processing events (registration and segmentation, both automatic and manual), procedure 

events (start and stop, and receipts of the images), and the total time from image receipt by 

SliceTracker to the eventual approval of the registration result by the operator (separately for the 

“cover prostate” and “needle confirmation” images). In Case 10, approval was most likely delayed 

due to reasons unrelated to the software. In Case 9, workflow was most likely restarted, resulting 

in coinciding receipt of the cover prostate and the first needle confirmation images. Case 2 was the 

only one where retry of the cover prostate image registration was triggered. As evident from these 

timelines, computational processing steps comprise only a very small fraction of the overall 

procedure time. 

4.3.1 Exploration of Elastix as a Registration Tool 

SliceTracker provides a plugin architecture that allows for interchangeable components of 

the software. This is exemplified by the manual and automatic segmentation plugins, providing two 

choices for segmentation of the prostate. As these are separate plugins, it is easy to have them as 

togglable options for the user. Segmentation is the only step of the workflow that gives the user a 

choice of which tool to use, including for image registration. Deformable image registration is 

performed using the procedure outlined by Fedorov et al. [72] and described above. While this 

registration technique is robust and accurate, there are still instances where it performs poorly or 

fails while attempting to register pre-procedural MRI to intra-procedural MRI or intra-procedural 

MRI to intra-procedural MRI. In these situations, a user can retry image registration, re-segment 

the prostate to provide a new mask for registration or choose a different registration result (rigid or 

affine). However, having a second choice for image registration would provide more robustness 

and an alternative option for those instances where the default registration result is not optimal. For 

this reason, prior to performing the prospective evaluation, I explored the use of Elastix for image 

registration within SliceTracker.  

Elastix is available in 3D Slicer through the SlicerElastix extension. The idea was to 

evaluate the use of Elastix to determine if it was a viable alternative to the currently implemented 

image registration technique and could be used for the prospective evaluation. Ten cases were 
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randomly selected from the collection of complete tpMRgBx cases for an initial test of Elastix. The 

image volumes were subjected to the same pre-processing as in SliceTracker; pre-operative 

planning volume and label was initialized with BRAINSFit (for initial alignment). This was done 

as the Elastix initializer does not provide a center of ROI alignment and hence BRAINSFit was used 

for initialization. The initial experiment produced promising results, with 9/10 cases succeeding 

(no registration failure) after B-spline registration and 7/9 of these cases having an acceptable 

registration result after visual evaluation. With the initial experiment, a discrepancy was found 

between using Elastix from within the SlicerElastix extension and standalone from the command 

line using installed Elastix binaries. Command line Elastix only resulted in 8/10 cases having 

successful image registration (with no failure) and two cases that had acceptable registration result 

with the command line Elastix were found to have a poor registration result with the SlicerElastix 

extension. After investigation, it was discovered that SlicerElastix converts the input image 

volumes (provided as NRRD format) to MHA (MetaImage format used by ITK) which causes a 

slight change in the image volume content. The root cause of this was discovered to be due to the 

resolution of the MHD reader/writer used for conversion as it used float for precision. By using the 

newest version of ITK, which increases the resolution from float to double, the image registration 

discrepancies disappear. However, 3D Slicer is packaged with an older version (ITK v4.13 from 

December 2017) and hence the differences in image registration when using SlicerElastix. 

 A second experiment was run using a 10-case public dataset [78], with updated parameter 

files after feedback from the Elastix developers and with the addition of applying N4 bias correction 

on the planning image volume as a part of pre-processing. The public dataset consists of tpMRgBx 

cases with a planning and post-operative image volumes in NRRD format, corresponding labels, 

and anatomical landmarks in each of the image volumes. Parameter files were updated with a 

couple of tweaks, including changing the fixed image pyramid scheme, the number of iterations for 

each resolution level and the type of image sampler used. The results after running Elastix on the 
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public dataset were quite favorable, with all ten cases having successful image registration. When 

looking at the B-spline image registration results, only 1/10 of the cases had a poor registration 

result when examined visually, with the remaining 9/10 having acceptable or good results. 

 While Elastix appeared to give encouraging results after visual feedback, after iterating on 

the registration parameters and registration pipeline, the decision was made to not include Elastix 

registration in the prospective evaluation study. The idea for the prospective evaluation was to 

evaluate SliceTracker in a feature complete, stable build that represents the software in a form that 

is ready for translation to other institutions/sites. As such, including Elastix at this stage was not in 

line with the goals of the prospective evaluation. The parameter files created lack clinical validation 

on the data used within our study and further evaluation should be explored prior to incorporating 

Elastix. However, the exploration of Elastix as an image registration method for SliceTracker did 

yield positive contributions. The successful initial tests provide a good starting point for future 

work, as the incorporation of an additional registration method to SliceTracker can increase the 

robustness of the application but also potentially lead to translation of the platform to other similar 

clinical research procedures (e.g. focal ablation and brachytherapy). Additionally, an Elastix plugin 

was created for the initial testing and stands ready to be integrated to SliceTracker when ready. 

This reinforces the flexibility and extensibility of SliceTracker and provides another example of 

plugin architecture. 

4.4 Discussion 

It was our goal to investigate and develop an extensible open source platform for tpMRgBx 

research. The result of this work is SliceTracker, an open source extension to the 3D Slicer 

application, and can be used on Windows, macOS, and Linux platforms. Based on our evaluation 

and experience, the software provides satisfactory registration in most of the evaluated cases, 

includes support of both automatic and manual prostate segmentation approaches, and helps 
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streamline uniform collection of the research data, which is critical for supporting secondary 

analysis studies. 

Since its initial release in September 2016, SliceTracker has been used routinely to support 

biopsy procedures at our institution on a weekly basis. Close to 300 tpMRgBx procedures have 

been supported by SliceTracker as of March 2019, with over 5 operators trained to use the software. 

The software has also been reused to customize a similar interventional workflow to support 

prostate cryoablation research procedures4, providing extra evidence of reusability. 

While SliceTracker proved useful in practice, it was important to evaluate its individual 

components and quantify its performance, where possible. The average LRE of 1.88 mm observed 

is smaller than the image slice thickness of 3 mm used for our intra-procedural MRI data. Higher 

mean LRE was reported for cases that used ERC for pre-procedural image acquisition. This trend 

may be explained by stronger deformation of the prostate gland, when compared to imaging without 

ERC. It can be noted that this work is unable to quantify error across the whole gland. As such, it 

is recognized that a low LRE does not necessarily measure registration accuracy at the biopsy 

targets, as registration could be poor in the regions of the prostate where landmarks were not 

selected. At the same time, it can be noted that each of the registration results accepted during the 

course of the procedure was deemed satisfactory by the interventional radiologist with extensive 

expertise in the procedure (Dr. Kemal Tuncali, 15 years of experience in targeted in-bore MRI-

guided prostate biopsy). The observed LRE is also comparable with the technical registration 

accuracy of 1.9 mm that is required for correctly assessing high-grade focal spots of PCa tumors, 

and is below 3.1 mm TRE required for detecting 95% of the 0.5 cc tumors, based on simulations 

by van de Ven et al. [28]. 

Our comparison of the segmentation approaches did not reveal statistically significant 

difference in LRE as a result of the use of automatic segmentation. It was observed that automatic 

segmentation does not perform well on the data that has different resolution as compared to that 
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used in training of the model. The majority of data for training of the model came from within our 

institution, which may contribute to the sensitivity of the model to outside data. Considering the 

heterogeneity of pre-procedural data collected at different sites, 

this justifies support of the manual segmentation as a fallback in case automatic segmentation fails. 

While unable to quantify registration errors at the biopsy target locations, TRS values can 

serve as an indirect measure for the sensitivity of the registration in the clinically important areas 

of the image. In several of the targets, sensitivity values exceed 2 mm. Our work did not reveal 

which of the segmentation approaches leads to more accurate registration at the target locations, 

since error could be evaluated at the locations of anatomical landmarks (cysts or calcifications) 

which typically do not coincide with the locations of biopsy targets. The effect of the TRS on the 

accuracy of the biopsy sample collection is also not known. However, this result may indicate that 

the effect of the segmentation approach used may be important and should motivate further studies 

investigating registration sensitivity both in the tpMRgBx approach, and in the commercial tools 

implementing fusion biopsy support. 

To the best of our knowledge, no similar investigation evaluating registration sensitivity 

and landmark registration accuracy in the commercial tools has been published. Furthermore, many 

of the commercially available systems restrict access to the data necessary for the kind of analysis 

performed in this study. The open source nature of SliceTracker enables investigations of such 

aspects of the processing pipeline and can enable incremental development to support more 

accurate biopsy targeting. As an example, refinement of the workflow with the new processing 

tools, such as automatic segmentation of the biopsy needle [134], becomes possible and is planned 

to be integrated in SliceTracker in the future. Another direction for the future work will investigate 

the possibility of comparing the performance of the commercially available MRI/ultrasound fusion 

guided biopsy systems with the tpMRgBx approach. The hope is that availability of SliceTracker 

will make it more feasible to conduct such comparisons at other research sites. 
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Mean procedure time observed in the prospective evaluation was 53 min, compared to 67 

min reported by Penzkofer et al. [133], where individual processing steps had lower degree of 

automation and were available as in-house standalone tools not integrated into a workflow. 

Although the patient populations used in the analysis by Penzkofer et al. and in our study are not 

the same, our experience shows that availability of all of the processing steps in a single workflow 

significantly reduces processing time and possibility of making mistake by the operator. One should 

be careful, however, drawing any conclusions about the procedure time being reduced by improved 

computational tools. Detailed SliceTracker logs that were summarized in Figure 4.6 highlight that 

the contribution of computational steps to the procedure time is very small. The exact sources of 

delays in acceptance of the registration result were not tracked, since those are related to the human 

component of the procedure. One can speculate, however, for the possible reasons of those delays. 

First, there was a required explicit verbal confirmation of registration result being satisfactory by 

the clinical personnel. In some instances, clinical personnel could make the decision about the next 

step in the procedure without consulting with the research software. Due to the logistics of the 

procedure, verbal confirmation could not be possible to obtain immediately in all cases. Second, 

BWH is a teaching hospital, and targeted biopsy procedures are often supported by a clinical 

resident assisting the interventionalist and learning about the procedure. The procedure time 

includes discussions between the trainee and the senior interventionalist. Finally, since the in-bore 

targeted biopsy procedure has now been performed for over 5 years (over 700 procedures 

conducted with the 3T magnet), it become routine at our site, and is often combined with additional 

research studies (e.g., evaluating new imaging sequences or new devices), which also require extra 

time. 

Overall, there is a belief that a reduction in the procedure time is more likely to be gained 

from the optimization or revision of the overall workflow, or development of tools that enable 
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accurate target sampling by reducing the number of needle insertion attempts. At this time, further 

optimization aimed at reducing processing time for the computational steps is not warranted. 

Evaluation of the specific sources of biopsy targeting error was out of scope of our study. 

Some of those sources include needle deflection, as investigated by Moreira et al. [138], and motion 

of the prostate gland (see preliminary analysis in [136]). There also was no attempt to compare 

either the workflow or duration of the individual steps implemented in SliceTracker with the 

commercial counterparts. Such comparison could be valuable to consider in the future. 

It is emphasized that SliceTracker, similar to 3D Slicer, is a research software and is not 

an FDA-approved medical device. It is designed for the use by trained individuals as part of clinical 

research studies, in compliance with the appropriate regulations and safeguards. It is not intended 

to replace commercial biopsy systems. 

Commercial solutions that are approved medical devices can be used for targeted biopsy 

procedures as part of routine clinical care, and without the need to establish research study protocols 

or acquire patient consent. Research studies utilizing those systems can be conducted with 

relatively minimal involvement of technical personnel. A disadvantage of using a commercial 

system is the limited ability to learn about the implementation of the internal components, modify 

the processing workflows to evaluate or compare the utility of alternative processing tools, or to 

adapt or reuse individual components for a different procedure. Those limitations are expected from 

commercial systems. However, another set of limitations stems from the lack of adoption of 

interoperable formats for communicating detailed information about target locations and 

segmentation. Although it is possible to utilize the DICOM standard to communicate, for example, 

segmentations and measurements, as was demonstrated in particular for prostate imaging [30], 

adoption of the standard in commercial tools is currently lacking. Such information may be 

absolutely critical in comparison of alternative solutions, or for assessing the targeting accuracy of 

the system or performance of individual components. In our experience, access to such information 
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may require establishing special research agreements with the manufacturer or may not be possible 

at all. 

The situation is reversed for the open source solutions, which provide ultimate 

configuration flexibility, unconstrained access to the results of image annotation and processing, 

and intermediate analysis results. However, due to the research nature of the solution, their use can 

only be possible as part of an institutionally-approved research study. Furthermore, in the present 

study only the software component of the solution is described, which also includes various 

assistive hardware devices, such as the z-frame, needle insertion template and leg holder, as 

presented earlier by Tokuda et al. [36], which would need to be procured by the adopting site. 

Naturally, the use of research components necessitates specialized training and experience. 

Adoption of 3D Slicer for clinical research will require involvement of research software engineers, 

and different expectations for stability and level of support as compared to the commercial 

products. 

The choice of the optimal platform for targeted prostate biopsy research will depend on the 

specific research interests and resources availability at the given site. In our view, this work fills an 

important gap, since there are numerous commercial tools available for targeted prostate biopsy 

(mostly utilizing the MR-US fusion approach), but none available as open source. 
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Chapter 5  

Future Work and Conclusions 

5.1 Future Work 

SliceTracker in its current form and previous iterations has supported tpMRgBx at the 

BWH site for close to a decade in a 3.0T MRI. Now with an evaluated, feature complete version, 

there is promise for the tpMRgBx procedure to be translated to other sites via use of SliceTracker. 

The adoption of this open-source platform by other sites could stand to help increase the number 

of tpMRgBx procedures that are performed, and subsequently the amount of tpMRgBx studies that 

are available. Studies at other institutions could help provide further validation of the SliceTracker 

platform (different image acquisition protocols, hardware used, etc.) as well as support for the 

tpMRgBx procedure. The translation of the tpMRgBx procedure could lead to two larger scale 

shifts: (1) an increase in tpMRgBx data from other institutions can help facilitate comparison 

studies among targeted prostate biopsy approaches, (2) the use of SliceTracker by other institutions 

and researchers could lead to a better understanding of the benefits offered by open-source software 

solutions for image-guided prostate interventions. This is important as there continues to be a push 

for alternative approaches to the gold standard of sextant biopsy with TRUS navigation, providing 

the tools and data to evaluate appropriately. 

For this translation of the tpMRgBx procedure to occur, there are a couple of things 

currently missing. While SliceTracker has been evaluated here in a retrospective and prospective 

study, there lacks any evaluation of the impact of other key components when used in the 

procedure; including the Z-frame template and custom-made MR-compatible table top and leg 

support. These components are integral to the procedure, and further study of their overall impact 

on the patient and procedure is warranted. Additionally, while minimal technical training is 

required for the workstation operator, evaluation of inter-reader variability is a useful measure that 
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can provide further validation of the SliceTracker application. It must be assessed whether all 

components of the procedure are feasible for translation for potential interested sites. 

Due to the extensibility of the SliceTracker platform, there is potential for it to be translated 

to other research procedures that are clinically similar. As discussed in the previous chapter, an 

initial investigation was made into the integration of an additional registration tool (Elastix) to the 

SliceTracker platform. The addition of other registration tools could lead to the ability to handle 

data types not supported by the currently available registration tools, which could further the utility 

of SliceTracker in other research procedures. More choice when it comes to image registration can 

also increase the robustness of SliceTracker in its current use case, providing alternative options 

for those cases where registration may fail. For this to occur, clinical validation of the registration 

tool (Elastix) is required for use in SliceTracker to support tpMRgBx. This initial step can lead to 

further investigation of the handing of different image modalities for clinically similar prostate 

research procedures (e.g. brachytherapy, MRI/US fusion biopsy). In addition, in its current form, 

the target displacement charts are not an essential component of the workflow. It could prove 

beneficial to get feedback from a user study on the capabilities and use cases the charts provide. A 

potential option would be to make the data represented by the charts more visual, adding visible 

displacement segments to the image slices themselves. This would give the user a view at the path 

of displacement taken by the target(s) over the course of the procedure.  

An initial investigation has been made regarding the feasibility of translating SliceTracker 

to other procedures. The registration tools currently within SliceTracker, as well as Elastix and the 

deformable method described by Fedorov et al. [116] were used to explore the feasibility of 

applying these registration tools to focal laser ablation of the prostate [141]. Further work needs to 

be done in choosing appropriate metrics for evaluating the performance of these registration tools. 
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5.2 Conclusions 

The results of this work support the use of SliceTracker in supporting transperineal in-bore 

MRI-guided prostate biopsies, while also recognizing that the platform can be readily extended and 

modified based on future needs. The application of the system in a clinical setting was evaluated 

with a retrospective and prospective study of cases that were supported with the software. To the 

best of my knowledge, SliceTracker is the only end-to-end solution available as free open source 

software for supporting transperineal in-bore MRI-guided prostate biopsy. 
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