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Summary

Towards 3D prostate cancer localization by contrast-ultrasound dispersion
imaging
Prostate cancer is the most occurring type of cancer in the western world.
However, due to the lack of reliable imaging techniques, typical treatment has
a radical nature (e.g., excision or radiotherapy of the whole gland), carrying an
increased risk of infections, urinary incontinence, and impotence. Moreover, standard
diagnostics, based on systematic biopsy, is invasive and has a large chance of missing
tumors. For these reasons, several studies have recently been carried out to find new
prostate cancer imaging techniques enabling biopsy targeting and focal treatment.
One of the most promising ultrasound-based approaches is contrast-ultrasound
dispersion imaging (CUDI), which exploits the microvascular differences between
angiogenic and normal vasculature to distinguish between benign and malignant
tissue. In particular, it aims at estimating the local dispersion of intravenously injected
ultrasound contrast agents. Because the size of these contrast agents is comparable
to that of red blood cells, they can travel through all the microvasculature while
staying intravascular; they are therefore ideal for hemodynamic analysis. Acoustic
time-intensity curves, reflecting the contrast concentration over time, are measured
throughout the prostate by contrast-specific ultrasound imaging. Subsequently, local
dispersion is estimated either by model fitting in the time domain or by assessment
of the similarity between neighboring time-intensity curves.
Until now, CUDI has been investigated in 2D only. For 2D CUDI, each plane in
the prostate requires a separate injection of contrast agents, making this method too
costly and time-consuming for clinical implementation. Moreover, even with multiple
injections, it is impossible to cover the full prostate volume. A 2D approach also poses
important limitations for registration and fusion of the obtained parametric maps with
live ultrasound imaging, required e.g. for accurate biopsy targeting. In this thesis, we
propose a solution to these challenges by improvement of 2D CUDI and validation
procedures and by extending CUDI to a full 3D implementation.
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So far, similarity for CUDI has been estimated by temporal correlation or spectral
coherence, which both assess linear similarity between time-intensity curves. In Chapter 2, mutual information is investigated as a more general similarity measure, also
incorporating nonlinear similarity. The inverse relation between mutual information
and dispersion is shown by simulations. In an in-vivo study, 2D CUDI by mutual information is compared with the histology in 23 patients referred for radical prostatectomy
because of biopsy-confirmed prostate cancer. The method’s classification performance
is slightly superior, but not significantly, to that by use of linear similarity measures,
and significantly better than standard perfusion parameters.
To enable extension of CUDI to 3D, the feasibility of using 3D dynamic contrastenhanced ultrasound (DCE-US) for prostate cancer localization is investigated. Using
3D DCE-US enables imaging the entire prostate using a single contrast injection,
greatly improving the clinical applicability of the method. First, in Chapter 3, the
technical feasibility of using DCE-US for 3D CUDI by similarity analysis is assessed
and confirmed by characterizing the contrast dynamics and testing the method in 2
patients. Next, in Chapter 4, a 3D implementation of CUDI by mutual information is
introduced and tested in 3 patients. Finally, in Chapter 5, the ability of 3D CUDI to
localize prostate cancer is evaluated by comparing correlation, coherence, and mutual
information maps with the outcome of systematic biopsies in 43 men. Significant
differences are shown between benign and malignant areas using correlation maps.
Systematic biopsies only provide a sampled representation of the presence of cancer
in the prostate, which brings a risk of missing significant tumors. For this reason, if
available, histology after radical prostatectomy is often used as a ground truth for
training and testing of prostate cancer imaging methods. The excised prostate is
typically fixated and sliced in 3-to-4-mm thick slices in which a pathologist marks
cancerous tissue based on cellular differentiation. To construct a full 3D validation
reference, an algorithm is proposed in Chapter 6 to interpolate tumor contours between
histology slices. Its accuracy, as well as its sensitivity to errors introduced by standard
pathological procedures, are assessed in silico. When a slice thickness of 4 mm with
a random Gaussian-distributed error of 0 ± 0.5 mm is applied, the average relative
error in tumor volume does not exceed 10% and the average 90th -percentile distance
between the original and reconstructed surface remains below 1.5 mm.
For 2D imaging, the histology slice matching the imaging plane has to be identified.
However, the orientations of the imaging plane and histology slice usually do not
match. In fact, one imaging plane may cover multiple histology slices. Also, for 3D
imaging, the positions and orientations of the histology slices have to be matched
with their positions in the 3D data. Unfortunately, the prostate is subject to several
non-affine deformations occurring during transrectal imaging and during the fixation
process following prostatectomy. To compensate for these deformations, an elastic 3D
surface-based registration algorithm is proposed in Chapter 7 to fuse histology with
transrectal ultrasound, providing a more reliable ground truth to validate prostate
cancer imaging techniques. The method consists of three steps: an affine registration,
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an elastic surface registration, and an interpolation of the surface deformations. After
an preliminary in-vitro and in-vivo validation in Chapter 7, the proposed method is
more extensively validated in vivo in Chapter 8. The resulting registration error lies
in the proximity of 2 mm, which is lower than the slicing thickness and much lower
than the diameter of clinically significant cancer. Being shape-based, application of
the method to other imaging modalities, such as MRI, can also be envisaged.
In conclusion, 3D CUDI could play a significant role in prostate cancer diagnosis in
the future. Being cost effective and applicable at the bedside, CUDI shows important
advantages over MRI, which is currently gaining attention for prostate cancer diagnosis.
Furthermore, 3D registration of ultrasound and histology facilitates the validation of
novel imaging techniques and opens the way to the development of classifiers based
on multimodal image fusion.
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Chapter
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Introduction
This chapter provides a background on prostate cancer and currently available imaging
techniques. Furthermore, the objectives and the outline of this thesis are given.
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1.1
1.1.1

Introduction

Societal Problem
Prostate cancer

Prostate cancer is the type of cancer with the highest incidence rate and the thirdranked (second-ranked in North-America) cancer-related cause of death in males in
developed countries [2]. The prostate is a small organ in the reproductive system,
located between the bladder and the rectum (see Figure 1.1). Three major glandular
regions are distinguished: the peripheral zone (PZ), the central zone (CZ), and the
transition zone (TZ) [3]. Approximately 70-80% of all prostatic carcinomas originate
from the PZ [4]. Since the prostate, and in particular the PZ, is located directly
adjacent to the rectal wall, transrectal ultrasound (TRUS) imaging is theoretically
very suited for imaging of the prostate. Unfortunately, the accuracy of conventional
TRUS for prostate cancer detection is rather low [5–8].
Although the actual cause of prostate cancer is still unclear, known risk factors
are age, race, and family history [9]. Especially the link between age and presence
of prostate cancer becomes obvious from autopsy studies [10]. Around the age of
30, histological detection of prostate cancer is rare. Yet, in approximately 70% to
90% of men in the age between 80 and 90 years, evidence of prostate cancer was
found during autopsy. However, because most prostate malignancies are relatively
slow-growing, men often die with prostate cancer rather than from prostate cancer.
With this knowledge, it is not desirable to treat all prostatic tumors. Instead, the risk
of disease-specific mortality should be predicted [8].
Tumors require an increased supply of oxygen and nutrients to grow to beyond
1-2 mm in diameter [11]. In tumors of clinically significant size (0.5 cm3 [12]), a dense
network of microvessels is formed to provide the required supplies [11]. This process,
named “angiogenesis”, is considered an important prognostic marker for progression of
prostate cancer [13,14]. Through the formation of new microvessels, the microvascular
density (MVD) increases. Moreover, angiogenic vessels are often faulty and therefore
show different characteristics with respect to normal vessels; angiogenic vessels can be
tortuous or saccular, can have high permeability leading to extravasating plasma, can
feature shunting vessels, and often show excessive, irregular branching [11, 15]. All
these features can potentially be used to detect clinically significant tumors.

1.1.2

Diagnosis of prostate cancer

Despite its impressive incidence and mortality rates, prostate cancer still lacks reliable
diagnostics. Early detection is difficult, because prostate cancer is usually asymptomatic, particularly in early stages of the disease. In only few cases, lower urinary
tract symptoms (LUTS) occur in patients with prostate cancer if a tumor induces a
pressure increase towards the urethra [9]. Usually, suspicion is raised by an elevated
serum prostate-specific antigen (PSA) level or abnormalities found during a digital
rectal examination (DRE) [8].
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Figure 1.1: Schematic illustration of TRUS imaging in the prostate with surrounding structures (left). The zonal anatomy is shown in a transversal section (right).

PSA is a protease produced by prostate epithelium to liquefy seamen [16]. Prostate
cancer causes a loss of basal cells and basement membrane in the epithelium, which results in a higher level of PSA in the serum. However, besides prostate cancer, elevated
PSA-levels can also be caused by other factors, such as benign prostatic hyperplasia
(BPH, a benign growth of the prostate), infections, trauma, and ejaculation [9]. As a
result, the positive predictive value (PPV) of this test is as low as 30% when applying
the commonly used threshold of 4.0 ng/mL [17]. Moreover, in over 15% of the PSA
tests, prostate cancer is missed [18]. Besides the total PSA level, also the percentage
of free PSA (i.e., not bound by inhibitors) was demonstrated to have diagnostic value
and is now recommended for prostate cancer screening [8, 19]. However, histological
confirmation is still required.
The second diagnostic test which is routinely applied, DRE, is a test in which the
doctor palpates the posterior surface of the prostate with his finger to search for stiffer
regions. Because only superficial tumors can be detected in this way, there is a large
chance of missing tumors [20–22]. Some researchers even advocate abandoning DRE
from clinical practice altogether [22].
Extensive randomized trials have been carried out to investigate the benefit of
mass screening for early prostate cancer detection using both PSA and DRE [23, 24].
From these studies most urological societies concluded that application of wide-spread
screening in all men would be inappropriate [8,17]. In fact, over 1000 men would have
to be screened to save one life [25, 26]. Instead, screening should only be applied to
men with an increased risk to die from prostate cancer.
Due to its high accessibility, conventional transrectal ultrasound (TRUS) imaging
has been considered for prostate cancer screening. In some cases, tumors can be seen
on B-mode TRUS imaging as hypoechoic regions, but with an accuracy of 50-60% and
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a PPV of 6% TRUS is considered unreliable as an independent diagnostic tool [8, 27].
In practice, B-mode TRUS is predominantly used to check the prostate for irregularities
and to estimate its volume [27].
As a consequence of the shortcomings of the previously described tests, prostate
cancer diagnosis requires confirmation by biopsy [8]. Since the exact location of tumors
is unknown beforehand, international guidelines recommend systematic biopsy as the
preferred diagnostic tool. Typically, 10-12 biopsy cores should be taken under TRUS
guidance according to a geometrical template in which each core covers a part of the
prostate. Based on DRE and TRUS, extra cores can be taken from suspicious areas.
In practice, TRUS guidance is usually performed manually, making it challenging to
follow the template. Being invasive, this procedure can be painful and carries a risk of
complications such as bleedings and infections [28,29]. Moreover, there is a significant
chance of missing tumors (≈50%), requiring a repeat biopsy if indications for prostate
cancer persist [30,31]. In fact, in approximately 70% of the patients, the first prostate
biopsy has a negative outcome [32]. In 15-25% of the second biopsies, prostate cancer
is detected after missing the tumor in the first one [33–35].
Before a treatment plan is made, the risk of a tumor to the patient’s health should
be assessed. The main parameters used to make a prognosis for a prostate cancer case
are PSA level, tumor size, and Gleason score [8, 17, 36]. If a tumor is not visible by
imaging, its size is estimated from the amount of positive biopsies and the percentage
of tumor involvement per biopsy core. The Gleason score consists of two Gleason
grades, which indicate the level of cell differentiation and can be determined by microscopic inspection of H&E-stained tissue [37]. A Gleason grade ranges from 1 (well
differentiated) to 5 (poorly differentiated) and strongly correlates with the aggressiveness of prostate cancer. Typically, Gleason scores are denoted as X+Y in which X is
the most extensive pattern and Y the highest secondary pattern [38]. Often X and Y
are summed, yielding an overall Gleason score between 2 and 10. However, in practice,
overall Gleason scores below 6 are seldom reported [39]. In the conventional d’Amico
risk group classification, an overall Gleason score of ≤6 is associated with low-risk, 7
with intermediate risk, and 8-10 with high-risk [40]. In a recent consensus conference,
a 5-grade division (≤6, 3+4, 4+3, 8, 9-10) was considered more appropriate to predict
disease progression [39]. Despite the important role of the Gleason score in treatment
planning, a retrospective study including 1116 patients showed that 38% of the systematic biopsies undergrades tumors, because the index lesion or high-grade core of a
tumor may be missed [41]. On the other hand, tumors can also be overgraded (9%)
when a small, aggressive part of a tumor is sampled.

1.1.3

Treatment of prostate cancer

Currently, the most regular treatments for confined prostate cancer are radical prostatectomy (RP), external beam radiation therapy (EBRT), and brachytherapy [8, 42].
RP is a surgical procedure in which the entire prostate including seminal vesicles is
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removed. Because the prostate encapsulates the urethra and is surrounded by nerves
crucial to the erectile function, common side-effects after RP are urinary incontinence
(UI) and erectile dysfunction (ED) [43]. In EBRT, the prostate is usually irradiated 5
days a week for 4 to 6 weeks with the goal to deliver a curative dose to the prostate, but
to spare surrounding tissues [9]. This treatment is often paired with hormonal treatment to increase its efficacy. Besides several mild short-term side-effects (e.g., urinary
complications, rectal infections, and diarrhea), severe long term complications such as
ED and UI can occur as late as 6 to 8 months after treatment [42]. Brachytherapy
makes use of radioactive sources which are temporarily or permanently implemented
into the prostatic tissue [44]. Side-effects are similar to those of EBRT.
In the past decades, several alternative treatment options for prostate cancer have
become available, of which cryosurgical ablation (CA) and high-intensity focused ultrasound (HIFU) are currently the most promising techniques [8, 9]. CA is a surgical
intervention aimed at killing tumor cells by freezing them at a temperature below
-40 °C [45]. In contrast, HIFU damages tissue by focusing the energy of a high power
ultrasound beam into a small region [46]. Complications for both of these treatments
include ED, UI, urinary retention, and rectal pain [9, 46].
Although EBRT, brachytherapy, CA, and HIFU could be used to perform focal
treatment, often the entire prostate is treated due to the multifocal character of
prostate cancer and the lack of reliable imaging techniques [44, 47–50]. As a consequence, overtreatment is a well-known problem in patients with early-stage prostate
cancer [51]. This problem led to the recommendation for active surveillance (AS) in
men with very low-risk prostate cancer [8, 17]. Instead of treating a tumor, disease
activity is regularly monitored through clinical tests, such as PSA, DRE, and biopsy,
until signs of progression appear. However, for obvious reasons, AS comes with a risk
of undertreatment.

1.1.4

The need for prostate cancer imaging

The limitations of current diagnostic and therapeutic options drove researchers to
search for alternatives. On the diagnostic side, an imaging technique revealing tumor
locations could be used to direct the biopsy needle towards a cancerous area and in
this way increase the sensitivity of biopsies. Ideally, if a technique has a sufficiently
high sensitivity and specificity, it could replace biopsies altogether and reduce biopsyspecific morbidity [28, 29]. Furthermore, prostate cancer imaging could play a role in
determining the size of a tumor, which is difficult, if not impossible, with standard
systematic biopsy. Moreover, a technique able to differentiate between slow-growing
and aggressive tumors could improve risk stratification and reduce the current problem
of overtreatment. On the therapeutic side, an accurate imaging technique could pave
the way for focal treatment options. By destroying cancerous tissue only, severe
complications such as ED and UI, associated with their radical counterparts, could be
reduced.
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Current prostate cancer imaging techniques

Currently, the most promising imaging techniques for early detection of prostate cancer
are based on magnetic resonance imaging (MRI) and TRUS. Single photon emission
computed tomography (SPECT) and, in particular, positron emission tomography
(PET) are also options for prostate cancer detection [52, 53]. However, their role is
mainly limited to detection of bone and lymph node metastases. The limited spatial
resolution and the use of ionizing radiation make them unsuited for early detection or
accurate localization [8, 52, 54]. PET and SPECT are often combined with computed
tomography (CT) to obtain more anatomical detail. Although CT has been used to
monitor bone metastases, its performance in cancer detection is inferior to that of the
other imaging modalities [52].

1.2.1

Magnetic resonance imaging

The role of MRI in prostate cancer diagnosis has substantially grown in the past
decade [8, 55]. MRI investigates the response of atomic nuclei to electromagnetic
radiofrequency pulse sequences [56]. Depending on the adopted sequence, several
anatomic, functional, and metabolic parametric maps can be obtained. T2-weighted
imaging (T2WI), diffusion-weighted imaging (DWI), dynamic contrast-enhanced MRI
(DCE-MRI) and magnetic resonance spectroscopy imaging (MRSI) are currently the
most relevant MRI-based techniques for prostate cancer imaging [55, 57].
T2-weighted imaging
T2WI evaluates the transverse relaxation times of hydrogen protons and was traditionally used to display the anatomy. On a T2 map, prostate cancer can typically
be observed as an ill-defined hypointenste region, much like erased charcoal [55, 57].
However, in the PZ several other conditions display features similar to those of prostate
cancer [58]. Also in the TZ, prostate cancer detection is challenging due the heterogeneous signal intensity in this region and an overlap in signal intensity with that of
prostate cancer [59]. Nonetheless, since T2WI also provides anatomical information,
it is particularly useful to detect extracapsular extension of tumors [55].
Diffusion-weighted imaging
By DWI, diffusion of water molecules is measured. Because malignant tissue has
diminished extracellular space and higher cellular density compared to normal tissue,
diffusion of water molecules is restricted [11, 57]. As a result, prostate cancer appears
as a darker area on DWI [55, 57]. Advantages of DWI are its high contrast between
normal and cancerous tissue and its ability to detect invasion of tumors into the
seminal vesicles. Drawbacks are its low spatial resolution (≈2 mm) and its sensitivity
to magnetic distortions.
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Magnetic resonance spectroscopy imaging
MRSI assesses the relative concentrations of several metabolites and is able to reveal
the increased choline and decreased citrate levels typically encountered in cancer cells
[60, 61]. A relation between choline-to-citrate ratio and lesion aggressiveness was
found [62]. However, clinical application of MRSI is hampered by its very low spatial
resolution (≈5 mm), its long acquisition time (≈15 min) and the high technical skill
required from the operators [57, 60]. As a result, its applicability is mostly limited to
detecting recurrence and monitoring therapy response [55].
Dynamic contrast-enhanced MRI
DCE-MRI makes use of an intravenously injected contrast medium to visualize blood
flow. Usually, gadolinium-based agents are adopted in combination with T1-weighted
imaging [55, 57]. These agents are small enough to pass through vessel walls and leak
into extravascular space, especially from vessels with high permeability [63, 64]. The
effects of angiogenesis on blood flow, for instance caused by increased MVD, increased
vessel permeability, and increased vessel tortuosity, can be observed on DCE-MRI via
the contrast medium flowing through and leaking from angiogenic vessels. Typical
markers for cancer are focal early enhancement and early washout [57, 65]. Besides
qualitative analysis of DCE-MRI, several quantitative methods have been developed
based on fits of the time-concentration curves [64,66–68]. From these fits, curve shape
features and pharmacokinetic parameters can be extracted, reflecting blood perfusion
and vascular permeability. So far, DCE-MRI has proven its potential for prostate cancer
diagnosis, but its added value with respect to T2WI and DWI remains limited [65,67].
Multiparametric MRI
To benefit from the strengths of each of the imaging techniques, a diagnosis is commonly made based on two or more MRI maps, referred to as multiparametric MRI
(mpMRI). In 2012, a guideline was published by the European Society of Urogenital Radiology (ESUR) presenting a structured reporting system for mpMRI, called
PI-RADS [55]. Scores are assigned to T2WI, DWI, MRSI and DCE-MRI using a 5point scale in which a 1 is assigned for very low and a 5 for very high likeliness of
the presence of clinically significant prostate cancer. The individual PI-RADS scores
can then be summed to obtain an overall risk score. Yet, despite the introduction of
PI-RADS, interpretation of mpMRI remains difficult and subjective, particularly in the
TZ [69–71].
Recently, PI-RADS was updated to PI-RADS v2, based on clinical evidence [65].
In this version, DWI is predominantly used to detect tumors in the PZ and T2W in the
TZ. DCE-MRI has been given a limited role and MRSI has been removed altogether.
However, based on the first comparative studies between the two PI-RADS versions
the value of the updated scoring system seems controversial [72–74].
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Ultrasound

TRUS imaging is based on pressure waves backscattered by tissue. Its relatively low
cost, high spatial resolution, and wide accessibility compared to MRI make it an important imaging modality for prostate examination. Currently, TRUS is routinely applied
to obtain anatomical information and guide prostate biopsies. For prostate cancer
imaging, conventional TRUS is not sufficiently accurate [5–8]. With the aim of finding a cost-efficient solution for prostate cancer diagnosis and therapy guidance, many
promising TRUS-based techniques have been developed.
Machine learning
From the early 90s on, many groups have adopted machine learning principles to
ultrasound radiofrequency (RF) signals or TRUS images for prostate cancer localization
[75]. This development has lead to a commercialized product, HistoscanningTM (AMD,
Waterloo, Belgium) [76]. Although the initial results were promising [76, 77], in larger
studies the classification performance was disappointing; an area under the receiver
operating characteristic (ROC) curve of 0.58 [78] and a cancer detection rate of 13.4%
[79] were reported.
Doppler
Another technique intensively tested for prostate cancer localization is Doppler imaging. The name refers to the Doppler principle, which causes backscattered sound
waves to shift in frequency when reflected from a moving object. By applying Doppler
imaging to blood vessels, more densely vascularized regions, such as tumors, can be
visualized. The two widely applied ultrasound Doppler techniques are color Doppler
and power Doppler. While color Doppler measures the mean frequency shift, power
Doppler integrates the entire Doppler spectrum, making it more sensitive to blood
perfusion [80]. However, its value for prostate cancer localization remains limited,
mainly due to its poor sensitivity to low blood flows, typical for angiogenic microvessels [81, 82].
Elastography
Motivated by the increased stiffness resulting from the increased cellular density in
tumors, several research groups started investigating elastography for prostate cancer
detection [83]. Strain elastography is a qualitative type of elastography that is available
in most commercial ultrasound machines. This technique measures the compression
and decompression of tissue caused by a push from the probe to the prostate wall. Because the mechanical stress induced by the push is unknown, only relative stiffness can
be measured by this technique. A major disadvantage is the high operator-dependency,
especially in the PZ, where the push is applied [84]. Consequently, results reported in
literature show strongly varying cancer detection rates [84–87].
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To reduce the operator dependency, methods have been developed in which the
external push is replaced by local acoustic ones [83, 88]. The two main approaches,
also available in commercial ultrasound scanners, are acoustic radiation force impulse
imaging (ARFI) and shear-wave elastography (SWE). ARFI applies several acoustic
pushes after which local tissue displacement is measured. Much like conventional
strain imaging, the resulting strain maps represent relative stiffness. The initial results
for prostate cancer detection are promising, but the available evidence is still limited
[89, 90].
SWE, first introduced by Sarvazyan et al. [91], is based on the relation between
shear wave speed and the shear modulus of the tissue in which the shear wave is
propagating. By making assumptions on the (in)compressibility of the imaged tissue,
its Young’s modulus can be estimated. Later, ultrafast imaging [92–95] was used to
facilitate shear wave tracking [96], which lead to a real-time implementation of this
technique [95]. A big advantage of SWE over the previously described elastography
techniques is its ability to measure absolute stiffness, allowing a standardized threshold
to classify benign and malignant tissue. Although researchers agree that SWE bears
great potential for tumor localization, more studies are required to determine its actual
value for prostate cancer diagnosis [97–100].
Contrast-enhanced ultrasound
A technique particularly suitable to visualize blood flow in microvessels is dynamic
contrast-enhanced ultrasound (DCE-US). Ultrasound contrast agents (UCAs) consist
of encapsulated gas bubbles with a size between 0.5 and 10 µm, commonly referred
to as “microbubbles” [101]. They are suitable for intravenous injection. Because the
size of microbubbles is comparable to that of red blood cells, they can flow through
angiogenic microvessels. Yet, unlike most contrast agents used in DCE-MRI, their size
prevents extravascular leakage. These properties make DCE-US an excellent imaging
modality for hemodynamic analysis.
Already in 1968, it was discovered that gas bubbles could enhance ultrasonic signals
for better identification of the mitral valve and the aortic root wall [102]. Much later,
in 1990, the first microbubbles capable of crossing the pulmonary circulation were
reported [103]. With respect to prostate cancer imaging, UCAs were initially used
to increase the sensitivity of Doppler imaging in microvessels to reveal angiogensis
[104, 105]. Nowadays, most ultrasound scanners are equipped with a contrast-specific
imaging mode which exploits the nonlinear response of microbubbles to ultrasonic
excitation [105]. A DCE-US recording can be made after administration of a UCA bolus
or by continuous injection [106, 107]. Optionally, bubbles in the imaging plane can be
destroyed by a high-intensity ultrasound flash to appreciate and evaluate reperfusion
[108, 109]. The resulting contrast video is analyzed qualitatively or quantitatively.
In a qualitative analysis, DCE-US videos are inspected for areas of early, rapid,
and increased enhancement [110, 111]. This approach has shown promising results
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for biopsy targeting, but the sensitivity (≈70%) is not sufficiently high to replace
systematic biopsy [106, 107, 110, 112]. Moreover, this approach is hampered by a
gradual learning curve and high inter-observer variability [113].
To overcome the observer-related drawbacks of qualitative DCE-US and to extract
cancer-specific features which are difficult to see in unprocessed DCE-US recordings,
several quantitative techniques have been developed. Most of them are based on
the backscattered acoustic intensity of DCE-US measured over time, referred to as
“time-intensity curve” (TIC). For the relatively low concentrations of UCA used in
DCE-US imaging, the relation between acoustic intensity and contrast concentration
is approximately linear [114].
In general, two types of parameters are extracted from TICs: parameters extracted
directly from the TIC shape and model-based parameters. The former type of parameters, such as wash-in time (WIT, also referred to as rise time), wash-in rate (WIR), and
peak intensity (PI), typically feature effects based on timing and amplitude [115, 116].
For the latter approach, several models are available for both bolus and destructionreplenishment TICs [68, 109, 117–119]. Since commercial ultrasound scanners usually
apply a logarithmic-like compression to visualize the acoustic intensity, a linearization
step is typically required for model fitting. Additionally, the tail of a TIC has to be
truncated to remove effects caused by blood recirculation. From the fits, hemodynamic
parameters can be extracted.
Recently, a new type of microbubbles has been developed, which target angiogenic
vasculature [120–122]. These microbubbles are decorated with antibodies that bind to
receptors specifically present in angiogenic vasculature. By using DCE-US, the bound
microbubbles can be imaged to reveal tumor locations. In addition, these microbubbles
can be loaded with drugs or genes which are released in situ after disrupting them by
high acoustic pressure. Targeted microbubbles are currently still under investigation
for both cancer imaging and therapy [121, 123].
A very recent development regarding UCAs is the growing interest in so-called
nanodroplets [124]. When intravenously injected, they are in a liquid phase and have
diameters below 1 µm. Due to their small size, they can pass trough highly permeable angiogenic vessels and extravasate into interstitial space. After the droplets have
accumulated there, their liquid phase can be changed into a gas phase by ultrasonic
stimulation, which makes them detectable by ultrasound imaging. Also variants of
nanodroplets combined with molecular and photoacoustic imaging, as well as applications in drug delivery, are being investigated [124–127].
Contrast-ultrasound dispersion imaging
Although most quantitative DCE-US approaches mainly assess blood perfusion, effects
of angiogenesis on perfusion are complex and may be contradicting [115, 128, 129].
On the one hand, the lack of vasomotor control, the presence of arteriovenous shunts,
and the increased vascular cross-sectional area have a negative effect on blood flow
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resistance. On the other hand, the small vessel diameters, high tortuosity, and extravascular leakage may increase flow resistance. Based on the hypothesis that these
effects may be better reflected by blood dispersion rather than perfusion, contrast
ultrasound dispersion imaging (CUDI) was recently introduced [130–133].
In the initial approach to CUDI [130], a reparameterized local density random walk
(LDRW) model was fitted to TICs. From these fits, a parameter κ = v 2 /2D could be
extracted for each pixel, where v represents the blood flow and D the dispersion. The
first in-vivo results showed good correlation between κ and the presence of cancer [130].
Later, it was observed that similarity between TIC curves in a region is related
to the value of κ in that region [131–133]. This observation lead to several CUDI
implementations in which the similarity between a TIC and those in a ring-shaped
kernel around it was computed [131–133]. In the first implementation [131], the
correlation between amplitude spectra of TICs was computed, referred to as ”spectral
coherence” (ρ). Misalignment between TICs due to differences in arrival times were
intrinsically removed by ignoring phase information.
In an improved implementation [133], a time-window was applied to each TIC
starting from contrast appearance and ending before the second bolus passage. In this
way, the similarity analysis was performed on the most relevant part of the TIC. Moreover, a speckle regularization filter was adopted to compensate for depth-dependency
and anisotropy of the ultrasound imaging system.
Finally, also temporal correlation (r) was adopted to assess similarity between
time-windowed TICs [132]. In a preliminary validation by histology in 8 patients, a
promising area under the ROC curve of 0.89 was achieved. In a comparison between
CUDI and mpMRI in 11 patients, both the sensitivity (81% vs. 72%) and NPV (92%
vs. 88%) were higher for CUDI [134].

1.3

Validation issues for emerging imaging
techniques

Because no reliable prostate cancer imaging technique is readily available, validation of
emerging techniques is not trivial. Generally, two types of ground truth are considered
for validation: biopsy and RP specimens. Because the chance of missing tumors by
systematic biopsy is high [31], this does not represent a valid reference to assess sensitivity and specificity of new imaging techniques. Instead, prostate cancer detection
rates by targeted biopsies based on imaging are often compared with those by regular
systematic biopsies to determine the clinical value of a new technique [135–138].
When using RP specimens as a ground truth, the prostate is typically processed
following the recommendations for pathology reporting [139, 140]. In this procedure,
the specimens are fixated, cut into 3-to-4-mm thick slices, and H&E-stained, after
which they are inspected for malignancy under a microscope. Compared to biopsy,
less tumors are missed by the ground truth, the size of tumors can be estimated more
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accurately, and the assigned Gleason scores are more reliable. However, the population
in a study using RP for validation is biased towards cancer presence.
Another obstacle to overcome is the misalignment between the positions of the
histology slices and those of the imaging planes. In fact, an imaging plane can cover
multiple histology slices if their orientations strongly differ. Often, the histology slice
closest matching the imaging plane is manually selected [66, 130–133, 141–143]. This
procedure may affect the integrity of a study. A workaround can be found by including
only those tumors that are visible in multiple consecutive slices [134]. However, only
large tumors can be included in this way.
Besides slice selection, also prostate deformation is a problem for validation by
RP. During specimen preparation, the prostate typically shrinks by approximately 15%
[144, 145]. Additionally, non-affine deformations occur as a result of the pressure
produced by a transrectal probe or endorectal coil pushing against the posterior surface
of the prostate and as a result of the absence of surrounding tissue after surgery.
Because of the uncertainty on the tumor location caused by all deformations, often
validation is performed by dividing the imaging planes in 4 or more sectors [99, 134].
In each sector, cancer presence is then compared with imaging. Another way to
perform validation, which may be more accurate but less objective, is by manually
defining benign and malignant regions in the imaging plane based on large benign and
malignant areas on the histology slice [66, 130–133]. In either case, individual smaller
tumors cannot be considered for validation.
To perform an objective and accurate validation, registration between histology
and imaging is required. Driven by the recent boost in research in MRI-based prostate
cancer imaging, several MRI-histology registration methods for the prostate have been
proposed. In some methods [146–148], alignment between MRI planes and histology
slices is assumed, which makes them non-transferable to TRUS imaging. Other approaches [149–153] require additional, time-consuming steps which may interfere with
the clinical workflow.
Until now, not many studies have focused on TRUS-histology fusion. The rigidbody registration of ex-vivo TRUS performed in [154] is not suitable for in-vivo registration. Another method [155] aligns TRUS and histology from ellipsoid fits after
which a thin-plate-spline transformation is applied to refine the registration. In [156],
a technique applying affine transformation based on particle filtering was adopted. For
neither of the techniques proposed in [155, 156], an indication of the registration error
was reported.

1.4

Objective

The flaws of current diagnosis of prostate cancer as described in Section 1.1 lead to
undertreatment, overtreatment, and hamper broad adoption of focal therapy. Whereas
MRI techniques seem to find their way into clinical practice, cheaper and more acces-
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sible ultrasound-based methods stay behind. As already mentioned, CUDI is currently
one of the most promising ultrasound-based methods for prostate cancer localization.
However, there are still some limitations to the work presented on CUDI so far.
Until now, only linear similarity has been explored. Nonlinear, statistical similarity
measures could possibly reveal more subtle differences between TICs. Moreover, 2D
DCE-US captures in-plane flow only, making it dependent on the direction of imaging.
In addition, UCA flow is a 4D process by nature. Therefore, not all kinetics are
captured by the 2D data.
The current implementation of CUDI requires an injection of UCA for each imaging
plane. Because this process takes several minutes, it is in practice not feasible to cover
the entire prostate by 2D CUDI and tumors between imaging planes will be missed.
This limitation makes it impossible to make a reliable diagnosis based on CUDI without
interrupting the clinical workflow.
Until now, CUDI has been validated in very small patient groups using manually
defined contours marking benign and malignant areas. Due to the inaccuracy resulting
from cognitive registration, only large tumors have been included in validation studies.
Moreover, the inter-observer variability inherent to this type of validation could affect
the reproducibility.
The objective of this thesis is to bring CUDI closer to clinical use by overcoming
the mentioned limitations. In particular, the aim is to:
• improve the method’s accuracy,
• speed up the clinical workflow,
• and extend the clinical evidence.

1.5

Outline of the thesis

Each chapter in this thesis consists of an article published in, or submitted to a peerreviewed journal. An exception is Chapter 4, which has been published in the proceedings of the International Ultrasonics Symposium (IUS) 2015. A list of all publications
can be found from page 167 onwards. The articles have been incorporated in this thesis with minimal modifications (i.e., without modifying the content) and are therefore
self-contained.
In Chapter 2, the similarity approach of CUDI is extended towards non-linear similarity by using mutual information (I) as a similarity measure. A strategy for estimating I is proposed. The relation between I and dispersion-related parameter κ is then
explored by simulating TIC curves, including noise typically encountered in DCE-US
imaging, while varying their respective κ values. Moreover, several algorithm settings
and design choices are tested both by simulation and in vivo. Finally, in a regionbased validation, the classification performance of I, as well as those of r, ρ, and κ
are evaluated in 23 patients referred for RP. This chapter has been published as [J4].
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As described in Section 1.4, the 2D implementation of CUDI was subject to several
drawbacks which could be overcome by using 3D DCE-US. First, when using 3D DCEUS, the entire prostate can be imaged using only one bolus of UCA, strongly improving
the clinical workflow. Second, no out-of-plane flow is missed, possibly increasing the
accuracy of CUDI. Finally, 3D imaging facilitates registration with real-time ultrasound
for accurate biopsy guidance, with MRI datasets for multimodal characterization of
lesions, and with 3D histology for accurate validation. However, the technical specifications of commercially available transrectal 3D DCE-US imaging are quite different
than those of 2D DCE-US imaging. In particular, the temporal and spatial resolution
are strongly affected. These differences and their effect on the use of 3D DCE-US for
CUDI are evaluated in Chapter 3. Additionally, 3D CUDI by linear similarity (r and ρ)
is implemented as the first 3D quantitative DCE-US imaging technique for prostate
cancer. The resulting parametric maps are compared with 12-core systematic biopsy
and 2D CUDI in two patients. This chapter has been published as [J6].
Chapter 4 introduces a 3D implementation of CUDI based on I, described in
Chapter 2. A preliminary validation of the method for prostate cancer detection is
performed in 3 patients. This chapter has been published as [IC2].
To provide a first indication of the clinical value of quantitative 3D DCE-US imaging, in particular, 3D CUDI, the methods introduced in Chapters 3 and 4 are compared
with systematic biopsy outcome in 43 patients. Additionally, some well-established perfusion parameters are extracted from the TICs in the 3D DCE-US recordings. Motivated by the importance of the Gleason score in prostate cancer staging, the correlation
between parameter values and Gleason scores is also investigated. This chapter has
been submitted for publication as [J2].
Chapters 6-8 address the validation problem for emerging prostate cancer imaging
techniques. We propose a 3D elastic registration algorithm to fuse ultrasound and
histology data obtained from RP specimens. The aim of the algorithm is to eliminate user-dependency and improve validation accuracy. By improving the registration
accuracy, smaller tumors can be included in validation studies, reducing the current
validation bias towards larger tumors. Moreover, a wider variety of tumors in the
ground truth could serve machine learning applications.
Before tumors marked in histology slices can be used in a 3D registration algorithm,
they have to be interpolated to obtain 3D volumes. In Chapter 6, a tumor interpolation
method based on radial basis functions (RBF) [1, 157] is proposed. Because prior
knowledge about the shape of the tumor between slices is limited, a straightforward
assumption of minimal curvature is made. The method is tested on several in-silico
phantoms. In a series of simulations, the impact of tumor size and shape, slicing
thickness and angle, and inter-slice misalignment on the accuracy of the reconstructed
tumor is assessed. This chapter has been submitted for publication as [J1].
Following the tumor interpolation, a surface-based, elastic registration algorithm
is described in Chapter 7. The prostate shapes to be registered are represented by
triangulated meshes. First, the meshes are aligned by affine registration. Two ap-
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proaches for affine registration are investigated: a step-wise approach and an iterative
closest-point (ICP) algorithm [158]. In the step-wise approach, translation, rotation,
and scaling are applied separately. The ICP algorithm iteratively finds corresponding
points in the reference and source meshes, between which the distance is then minimized. While the step-wise approach provides more deformation freedom, the ICP
tends to be more robust due by remaining closer to the initial alignment. After affine
registration, elastic registration is performed by parametric active surfaces, commonly
adopted in segmentation and motion tracking in medical images. Active surfaces can
transform from one shape to another, while keeping the nodal spreading along the
mesh roughly intact. In this way, most shape deformations can be tracked without
locally destroying the mesh, improving robustness. After elastic surface registration,
surface deformations are interpolated to obtain the full 3D transformation map from
source to reference shape. Two interpolation techniques are investigated: natural
neighbor interpolation and finite elements of uniform, nearly incompressible material.
Because no additional equipment or steps are required outside routine prostate examinations and RP processing, interference with the clinical workflow, encountered in
most registration methods designed for MRI, is minimized. All approaches are tested
in vitro using gelatin phantoms with embedded markers, providing a 3D point-to-point
registration error. The registration error is also assessed in vivo in 7 patients using the
border of the PZ as validation reference. This chapter has been published as [J5].
The algorithm described in Chapter 7 is more extensively validated in vivo in
Chapter 8 based on histology and ultrasound data from the prostates of 14 patients. In
this validation, 3D ultrasound datasets are reconstructed from sweep videos, obtained
by scanning the prostate from base to apex. The histology slices are then reconstructed
by ultrasound imaging after applying the registration method that performed best
in Chapter 7. In contrast to the work in Chapter 7, where only the border of the
PZ was used, now also the urethra, cysts, and calcifications are used as validation
landmarks. In this way, most parts of the prostate are represented by the validation
results. Registration errors are evaluated per prostate section (base, mid, apex) and
per landmark type. This chapter has been submitted for publication as [J3].
In Chapter 9, general conclusions and critical discussion of the work presented in
this thesis are given. Furthermore, potential future applications and research lines are
proposed.
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2

Similarity analysis using mutual
information
The content of this chapter has been published as [J4]:
S.G. Schalk, L. Demi, N. Bouhouch, M.P.J. Kuenen, A.W. Postema, J.J.M.C.H.
de la Rosette, H. Wijkstra, T.J. Tjalkens, and M. Mischi, “Contrast-enhanced
ultrasound angiogenesis imaging by mutual information analysis for prostate cancer
localization,” IEEE Trans. Biomed. Eng., in press. © 2016, IEEE.
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Abstract
Objective: The role of angiogenesis in cancer growth has stimulated research aimed
at non-invasive cancer detection by blood perfusion imaging. Recently, contrast
ultrasound dispersion imaging was proposed as an alternative method for angiogenesis
imaging. After the intravenous injection of an ultrasound-contrast-agent bolus,
dispersion can be indirectly estimated from the local similarity between neighboring
time-intensity curves (TICs) measured by ultrasound imaging. Up until now, only
linear similarity measures have been investigated. Motivated by the promising results
of this approach in prostate cancer (PCa), we developed a novel dispersion estimation
method based on mutual information, thus including nonlinear similarity, to further
improve its ability to localize PCa.
Methods: First, a simulation study was performed to establish the theoretical link
between dispersion and mutual information. Next, the method’s ability to localize PCa
was validated in vivo in 23 patients (58 datasets) referred for radical prostatectomy
by comparison with histology.
Results: A monotonic relationship between dispersion and mutual information was
demonstrated. The in-vivo study resulted in a receiver operating characteristic (ROC)
curve area equal to 0.77, which was superior (p=0.21-0.24) to that obtained by
linear similarity measures (0.74-0.75) and (p<0.05) to that by conventional perfusion
parameters (≤0.70).
Conclusion: Mutual information between neighboring TICs can be used to indirectly
estimate contrast dispersion and can lead to more accurate PCa localization.
Significance: An improved PCa localization method can possibly lead to better grading and staging of tumors, and support focal-treatment guidance. Moreover, future
employment of the method in other types of angiogenic cancer can be considered.
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Prostate cancer is one of the most common forms of cancer in the world. In the
United States it accounts for 26% and 9% of all cancer diagnoses and deaths in men,
respectively [159]. To date, prostate cancer is still diagnosed using systematic biopsies, which consist of taking a dozen of geometrically distributed specimens from the
prostate using a core needle. Systematic biopsy is invasive and has a low sensitivity;
moreover, it carries a risk of infection, sepsis, and bleeding [29, 160]. Due to the
inability of current diagnostics to accurately localize and grade prostate cancer, this
malignancy is often treated using whole-gland treatments (e.g., radical prostatectomy,
external beam radiotherapy, brachytherapy), which expose patients to severe side effects such as incontinence, sexual dysfunction, and gastrointestinal toxicity [42]. An
imaging technique able to detect and locate cancer at an early stage could improve
both prostate cancer diagnosis and treatment: it could lead to better staging and early
grading of tumors, and open doors to focal treatment. However, a reliable imaging
technique requires reliable prognostic markers.
The established link between angiogenesis (the formation of new vessels) and cancer growth [161] has opened new horizons towards better imaging techniques. Particularly, a local increase in microvascular density (MVD) as a result of angiogenesis
has been considered as a prognostic marker for cancer aggressiveness and metastasis [162–165]. Several imaging methods aim to detect this higher MVD through a
raise in tissue perfusion. Most of these methods are based on dynamic contrastenhanced magnetic resonance imaging (DCE-MRI), Doppler ultrasound imaging or
dynamic contrast-enhanced ultrasound (DCE-US) [113, 166–168].
Due to its real-time availability at the bedside, ultrasound offers a practical and
cost-effective alternative to MRI for prostate imaging. DCE-US is especially interesting for tumor angiogenesis imaging, because of its ability of highlighting the low blood
flow in microvasculature. This ability results from the employment of an ultrasoundcontrast agent (UCA), typically consisting of gas-filled microbubbles that can be injected into the blood stream. Due to their size, comparable to that of red blood cells,
these microbubbles flow through the smallest microvessels and, unlike most MRI contrast agents, do not extravasate into the interstitial space, which makes them more
suitable for hemodynamic quantification [169]. Moreover, their high echogenicity and
nonlinear response to acoustic waves make it possible to enhance signals coming from
vessels while suppressing signals coming from other tissue [170].
In DCE-US imaging, typically, a sequence of images based on backscattered acoustic intensity of microbubbles is recorded. Next, a time-intensity curve (TIC), representing the evolution of the UCA concentration over time, can be produced at each
pixel and further analyzed (see Fig. 2.1).
Several methods based on DCE-US have been proposed for angiogenesis detection
by assessment of tissue perfusion. Often, quantification is performed by extracting
amplitude and time features from the measured TICs. Up until now, DCE-US perfusion
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Figure 2.1: Acquisition of a time-intensity curve. In the sub-figures, frames of a contrastenhanced ultrasound sequence are given (a) before wash-in, (b) after wash-in, and (c) during
wash-out of contrast agents. The unprocessed image intensity q over time (referred to as
“time-intensity curve”) at the pixel indicated by the dots is given in (d). The dashed lines in
(a)-(c) represent the prostate boundary.

quantification has not shown reliable angiogenesis detection results in the prostate [11].
This could in part be due to the complex influence of the geometrical and structural
properties of tumor microvessels on microvascular perfusion.
In fact, tumor microvessels differ, both structurally and functionally, from normal
vessels. Normal blood vessels are relatively straight, branch by bifurcation, and have a
predictable diameter. In contrast, tumor microvessels typically show irregular branching, have an unpredictable vessel diameter, high tortuosity, and contain arteriovenous
shunts. Moreover, tumor microvessels can be leaky, which allows plasma to leak into
the interstitial space, contributing to a high interstitial pressure [11,162]. Whereas arteriovenous shunts and high microvascular density stimulate perfusion, high interstitial
pressure, high tortuosity, and small vessel diameters oppose it [11, 128, 171].
Recently, contrast ultrasound dispersion imaging (CUDI) has been proposed as an
alternative method for angiogenesis imaging [130–133]. Considering the geometrical
properties of the microvascular architecture, dispersion may in fact be more suitable
for detecting angiogenic processes than perfusion.
So far, two different approaches have been proposed to perform CUDI. The first
approach estimates dispersion by fitting each TIC with a convective-dispersion model
in the time domain [130,172]. The second approach is based on an indirect estimation
of dispersion, achieved by computing the similarity between neighboring TICs using
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linear measures such as spectral coherence and temporal correlation [131–133].
Motivated by the promising performances of the second approach in particular, this
paper presents a new method of dispersion estimation by using mutual information
as a similarity measure. As opposed to the linear measures, mutual information also
allows the exploration of nonlinear connectivity between TICs [173].
The method was validated by simulation of DCE-US recordings for several dispersion levels, while using different settings. Additionally, an in-vivo validation was
performed for prostate cancer imaging on 58 datasets from 23 patients referred for radical prostatectomy (RP). The generated parametric maps were validated by comparison
with histopathology after RP. Results were compared with other CUDI parameters and
TIC features used to estimate local perfusion. A preliminary version of this work has
been reported in [174].

2.2
2.2.1

Methods
In vivo data acquisition

All patient data has been recorded at the AMC University Hospital (Amsterdam, The
Netherlands) after obtaining approval from the local ethics committee and written
informed consent from the participating patients.
After a 2.4-mL bolus of SonoVue® (Bracco, Milan, Italy) UCA had been intravenously injected, a two-minute 2-dimensional DCE-US sequence was recorded using
a Philips iU22 (Philips Healthcare, Bothell, WA) ultrasound machine equipped with
either a C8-4v or a C10-3v transrectal transducer. Power modulation contrast imaging
was adopted at 3.5 MHz and a mechanical index equal to 0.06 was used. The dynamic
range and gain were set such that a low signal (baseline) was visible before injecting
the UCA and peak signals were prevented from clipping. All sequences were stored
in Digital Imaging and Communication in Medicine (DICOM) format using lossless
compression.
For further processing, the RGB values in the color-coded DCE-US sequences
were converted to 8-bit quantization levels, q, based on the color map used by the
scanner. TICs are actually time sequences of q (see Fig. 2.1). A logarithmic relation
exists between q and the backscattered acoustic intensity A [130]. Because A and the
UCA concentration, CU CA , are linearly related for CU CA lower than 1 volh Sonovue®
dilution [114, 130], q can be considered as a logarithmically compressed representation
of CU CA .

2.2.2

CUDI by mutual information

In the first approach presented for CUDI, UCAs were modeled to move according to
a convection-dispersion process [130]. From the model, a local parameter κ = v 2 /2D
was extracted for the TIC in each pixel (after applying spatial downsampling), in
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which v and D represent the UCA velocity and dispersion, respectively. Based on the
same model, the local degree of dispersion can be indirectly estimated using similarity
measures [131–133]. This approach originates from the observation that the shape
similarity between TICs is influenced by the local degree of dispersion. TICs obtained
from a low dispersion region are in fact more similar than those obtained from a region
with a higher dispersion. The assessment of similarity between neighboring TICs can
therefore be an indirect measure of local dispersion. A monotonic relation between κ
and linear similarity between neighboring TICs, measured by the spectral coherence ρ
or correlation coefficient r, has been shown in [132, 133].
The more general similarity measure implemented here is mutual information,
which quantifies the degree of statistical dependency between two random variables.
In contrast to ρ and r, mutual information is not limited to linear connectivity, and
therefore allows the exploration of non-linear relationships between TICs. For this
reason, we expect it to reveal more subtle changes in similarity, which could result in
more accurate dispersion imaging.
Before calculating the mutual information, a Wiener deconvolution filter [133]
was adopted to compensate for the depth-dependency and anisotropy of the spatial
resolution of the ultrasound imaging system. The filter was calibrated to regularize the
speckle size to approximately 1.6 mm as proposed in [174]. Following [174], spatial
downsampling of a factor 3×3 was applied, greatly decreasing the computation time.
After the preprocessing steps, TICs were aligned according to their appearance time
(AT), which is defined as the time at which a filtered TIC reaches 10% of its peak
value. As a result, estimations of similarity between TIC shapes were not disrupted
by phase differences. The aligned TICs were then windowed using a window with a
length tw . The roles of the time window were to focus on the most relevant part of
the TIC, which contains the first UCA passage, and to reduce the computation time.
For each pixel, the similarity was estimated as the mutual information between
the TIC in this pixel and to those in a kernel around it. We chose the shape of
the kernel to be ring-shaped with an inner radius of 1 mm and an outer radius of
2.5 mm (see Fig. 2.2) as proposed in [131]. The inner radius should prevent a bias in
mutual information caused by the imaging resolution, for which the speckle size was
regularized to 1.6 mm (yielding a correlation equal to 50% between pixels at 0.8 mm
distance from each other). The outer radius is a tradeoff between the number of TICs
that can be used to accurately estimate the mutual information and the resolution of
the final similarity map, which should be sufficient to detect tumors at an early stage.
In fact, the angiogenic switch typically occurs when a tumor grows beyond 2-3 mm in
diameter [175].
In the process of computing the mutual information, four assumptions (AS1-AS4)
were made to reduce the computational complexity:
AS1 time samples within a TIC are independent of each other,
AS2 the occurrence of samples in a TIC is a stationary statistical process,
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Center pixel
Kernel pixels
Kernel pixels after downsampling

2.5 mm

1.0 mm

Figure 2.2: The kernel used for the similarity analysis.

AS3 a TIC in the kernel is statistically dependent on the TIC in the center pixel
only,
AS4 TICs in each of the kernel pixels can be described by the same statistical
process.
The validity of these assumptions is discussed in Section 2.4. In the remainder of this
section, assumptions applied during the derivation of the mutual information will be
indicated in brackets.
We modeled TICs in a center pixel as a set of F independent and identically
distributed (IID) data points obtained from the random variable C (AS1 and AS2),
where F is the number of frames. TICs in the N kernel pixels were considered to
be samples taken from a random variable K N . The mutual information, indicated by
symbol I, between C and K N could then be written as [176]
I(K N , C) =
 P N (k N , c) 
X X
K ,C
PK N ,C (k N , c) log2
N
P
K N (k )PC (c)
N
N

k ∈K

c∈C

with
PK N (k N ) =

X

PK N ,C (k N , c),

c∈C

PC (c) =

X
kN ∈KN

PK N ,C (k N , c).

(2.1)
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Here, C = K = {0,1,...,Q − 1} where Q is the size of the alphabet (i.e., the number
of quantization levels) used to encode a TIC. It can be observed that I(K N , C) is
dependent only on the joint distribution of K N and C. This distribution is given by
the joint probability mass function (PMF), PK N ,C (k N , c).
The PMF contains probabilities that combinations of TIC values in the center pixel
and the kernel around it occur at the same time. High values in the PMF are related
to a higher predictability of kernel TICs from the center TIC and mutual information
is a measure of this predictability.
Using the chain rule for joint probabilities, we could rewrite PK N ,C (k N , c) as
PK N ,C (k N , c) = PC (c)PK N |C (k N |c).

(2.2)

In (2.2), PC (c) is the probability for the TIC in the center pixel to have value c and
PK N |C (k N |c) is the conditional probability of K N = k N , given C = c. Given the
IID process describing the center TIC (AS1 and AS2), the number of occurrences Fc
of each quantization level in a TIC followed a multinomial distribution [177]. Using a
maximum likelihood estimator, PC (c) could then be estimated as [177]
P̂C (c) =

Fc
.
F

(2.3)

To estimate the conditional probability PK N |C (k N |c) we assumed each component
of K N to be dependent only on c (AS3). In that case, we could write PK N |C (k N |c)
as
N
Y
PK N |C (k N |c) =
P (ki |c),
(2.4)
i=1

with ki being a quantization level in the ith TIC in the kernel.
By applying the assumption that all TICs in the kernel originate from the same
statistical process (AS4), the total number of occurrences Nk|c of a quantization
level k in the entire kernel in a frame for which C = c again followed a multinomial
distribution. Analogous to PC (c), the maximum likelihood estimation P̂K N |C (k N |c)
of PK N |C (k N |c) was then given by
P̂K N |C (k N |c) =

Nk|c
.
Nc N

(2.5)

Substituting equations (2.3) and (2.5) into (2.2) yielded the estimated PMF
P̂K N ,C (k N , c) =

Nk|c
Nc Nk|c
=
,
F Nc N
FN

which could be used to compute I(K N , C) in (2.1).

(2.6)
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Additional considerations

Several factors can affect the estimation of I(K N , C), such as the applied preprocessing steps, the number of quantization levels, Q, used to describe TICs, the scanner
settings (e.g., gain and dynamic range), the time window tw , and the type of DCE-US
data used (linear or logarithmic). These factors should be taken into consideration
before using the presented method and were tested in simulations and in the patient
study.
As an additional preprocessing step, a temporal low-pass filter with a cutoff frequency of 0.5 Hz could be applied to increase the SNR, because the bandwidth of the
frequency spectrum of a TIC containing the UCA kinetics in the prostate is limited to
0.5 Hz [131].
If the full 8-bit range is used to code the TICs, Q = 256. However, it can be
advantageous to compress the data by using a lower value for Q to avoid sparsity in
P̂K N ,C (k N , c).
Because the absolute quantization levels in the TIC may be influenced by the
scanner settings, it may be more accurate to only look at the similarity between
shapes of the curve. To this end, each curve can be scaled between its minimum
and maximum over the Q quantization levels before running the mutual information
analysis. We refer to this procedure as “TIC normalization”.
Instead of the logarithmically compressed TICs obtained from the DICOM files,
linearized TICs can be used. Linearization requires a conversion from quantization
level q to acoustic intensity A, which can be realized as described in [130]. Using Q
equally spaced quantization levels, the linearized data can then again be quantized to
perform a mutual information analysis. Compared to log-compressed data, a linearized
curve results in a higher resolution for the representation of high UCA concentrations
and in a lower resolution for low concentrations. As a result, the details around the peak
of a TIC could become more visible. However, linearization brings back multiplicative
noise [178–180] particularly at high quantization levels in the TIC, which may corrupt
a robust estimation of I.
As an example, the average PMF P̂K N ,C (k N , c), computed over a benign and
malignant region, using TIC normalization with Q = 64 is given in Fig. 2.3. A blurry
PMF, like the one for benign tissue indicates less mutual information between the
center and kernel TICs, whereas the higher values around the diagonal of the PMF for
malignant tissue indicate higher mutual information.

2.2.4

Simulation

To investigate the relation between I and κ, with κ inversely related to the UCA
dispersion, we performed a simulation study in which TICs were described by the
modified local-density random walk (LDRW) model presented in [130]. The concen-
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Figure 2.3: Estimated PMFs P̂K N ,C (kN , c) averaged over (a) a benign (average I = 0.71)
and (b) a malignant tissue region (average I = 1.71) using normalized, log-compressed data
with 64 quantization levels.

tration CU CA (t) as a function of time, t, is then given by
 q
−κ(t−t0 −µ)2
κ
α
), for t > t0
2π(t−t0 ) exp(
2(t−t0 )
CU CA (t) =
0,
otherwise,

(2.7)

in which µ and t0 represent the mean transit time and theoretical injection time,
respectively. The parameter α is a scaling factor equal to the area under the curve and
is set to 1 to obtain a probability density function of arrival times of single microbubbles
P (tarr ) = CU CA (t)|α=1 . If we discretize the time space in equal intervals with length
δt (inverse to the frame rate), the number of microbubbles observed at a certain
time interval n follows a binomial distribution [180]. For a high total number of
microbubbles Btot and a low δt , the binomial distribution may be approximated by a
Poisson distribution [181]. Here, we used Btot = 4000, in line with the values used in
[180], and δt = 0.1 s, similar to the frame rate observed in DCE-US sequences. Samples
were taken from this distribution for each n to simulate the number of microbubbles
B[n].
Since the acoustic intensity A[n] is linearly related to the UCA concentration and
hence to B[n] for low concentrations [114, 130], A[n] can be written as
A[n] = aBA B[n] + A0 ,

(2.8)

with A0 being the acoustic intensity when no UCA is present and aBA the linear
conversion factor between the number of microbubbles and the acoustic intensity. In
this simulation, we used aBA = 1.
Furthermore, additive Gaussian noise zadd ∼ N (0, σa2 ) and Rayleigh-distributed
multiplicative noise R(•), typically present in ultrasound imaging [178, 182], were
included in the simulation, extending equation (2.8) to
A[n] = R(aBA B[n]) + A0 + zadd .

(2.9)
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The value of σa was set to 0.15, based on the standard deviations of A around baselines
observed in patients.
Finally, a conversion from A[n] to quantization level q[n] was made assuming a
logarithmic relation
255
q[n] =
10 log10 (A[n]),
(2.10)
DR
where scaling of the curve is controlled by the dynamic range (DR). Here we used
DR = 25 dB, conform the dynamic range used in part of the in-vivo measurements.
An example of a simulated TIC is given in Fig 2.4.
To simulate a DCE-US sequence, TICs with constant values of κ, µ, and t0 were
generated in a grid of 212×212 pixels. The pixel size was set to 0.45 mm, similar to
the downsampled pixel size in vivo, and the temporal resolution was 1/δt = 10 Hz.
Mutual information analysis was then performed on the simulated DCE-US sequence
to obtain a parametric map of I.
In a first test, we evaluated the relation of I with the dispersion-related parameter κ, with special attention to its monotonicity. We simulated multiple DCE-US
sequences, each time increasing the value of κ by 0.1 s-1 in a range from 0.1 to 1 s-1 ,
typically encountered in patient data. The value of µ was fixed to 25 s, chosen within
the range of values found in previous publications [130, 131]. The injection time t0
only causes time shifts in the TICs, of which the effect is neutralized after alignment
of the TICs according to their ATs, and its value is therefore irrelevant. After computing the parametric maps, box plots were made, based on the values of I in the inner
200×200 pixels in each map. A band of 6 pixels at each edge of the parametric map
was removed from the analysis to exclude boundary effects.
In a second test, we assessed the influence of different settings for the mutual
information analysis on the relation between I and κ. For each simulation, the mutual
information analysis was executed for all combinations of settings given below, based
on the considerations described in section 2.2.3:
• tw ∈ {20, 25, 30, 35} s,
• Q ∈ {64, 128, 256},
• with and without applying a temporal filter,
• using q[n] or A[n],
• with and without TIC normalization.
To evaluate the performance of these settings in finding prostate cancer, we focused
on the parametric maps of I obtained from DCE-US simulations with κ = 0.2, κ = 0.3,
and κ = 0.4 s-1 . The choice for the values of κ was motivated by the threshold used
in vivo (i.e., κ = 0.3 s-1 , see Table 2.1) to classify benign and malignant tissue.
Next, for each setting, two receiver operating characteristic (ROC) curves were
computed based on the parametric maps of I. In one ROC curve, parametric maps for
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(a)

(b)

Figure 2.4: Example of a simulated TIC (κ = 0.5 s-1 , µ = 25 s, t0 = 5 s) expressed as (a)
acoustic intensity (linear scale) and (b) quantization level (log-compressed).

κ = 0.2 s-1 and for κ = 0.3 s-1 were considered; another ROC curve included maps for
κ = 0.3 s-1 and κ = 0.4 s-1 . For each ROC curve, the lowest value of κ represented
benign and the highest malignant tissue. The average area under the ROC curves
(AU-ROC) was used as a performance metric to evaluate the capability of a setting
to discriminate between normal and malignant tissue (i.e., to discriminate between
κ = 0.2, κ = 0.3, and κ = 0.4 s-1 ). A schematic overview of the process described
above is given in Fig. 2.5.

2.2.5

Validation in patients

To validate the ability of the presented mutual information analysis to detect prostate
cancer, patients with biopsy-proven cancer referred for RP were selected. For each
patient, one or more DCE-US sequences were recorded as described in section 2.2.1,
after which parametric maps of I were produced. Following RP, excised prostates were
processed and sliced according to [139]. Benign and malignant regions were drawn
on the ultrasound image if a benign or malignant area was marked by the pathologist
in the corresponding histology slice and two adjacent slices. During this process, the
person drawing the regions was blinded to DCE-US videos and parametric maps.
Overall, 35 malignant (≈ 8.2×104 pixels) and 50 benign regions (≈ 8.6×104 pixels)
could be drawn in 58 DCE-US sequences from 23 patients. In some patients only
benign or malignant regions had been drawn.
Because the mutual information analysis only gives useful information about tumor
locations in areas with qualitatively good TIC curves (i.e., following the LDRW model),
we created three binary masks (1=include, 0=exclude) for each parametric map based
on the DCE-US sequence. Regions were drawn avoiding as many holes (i.e., zeros) in
the mask as possible and pixels which were not included by all masks were excluded
from the validation.
The first mask was used to exclude areas in which no contrast signal was present
at all. Only pixels with a mean acoustic intensity Ā ≥ 7 over the first 35 s after the
AT were included. The second mask dealt with saturation: pixels for which the TIC,
median-filtered over 7 time samples, contained a q > 235 were excluded. Finally, in
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Figure 2.5: Schematic overview of the method used to estimate the ability of I to discriminate
different dispersion levels around the threshold for prostate cancer. First, parametric maps
are generated for κ = 0.2, κ = 0.3, and κ = 0.4 s-1 . From these maps, two ROC curves are
generated of which the average area under the curves is used as a measure to define how
well I can discriminate between the different values of κ. The dashed box in the parametric
images represents the pixels which are included in the ROC curves.

the third mask, pixels for which the correlation coefficient, R2 , of the TIC fit described
in [130] was lower than 0.8 were excluded.
We tested the mutual information analysis with a reduced set of settings, compared
with the simulation described in Section 2.2.4, because of the large number of datasets
to analyze:
• tw ∈ {25, 35} s,
• Q ∈ {64, 256},
• With and without applying a temporal filter,
• Using q[n] or A[n],
• With and without TIC normalization.
To hide clinically insignificant (small) lesions [183], each of the obtained mutual information maps was smoothened with a 2D Gaussian spatial filter (σpost = 1.5 mm)
before analyzing its classification performance. From the mutual information values in
the benign and malignant pixels, the ROC curve was obtained. The optimal threshold
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Table 2.1: In vivo comparison of contrast parameters. The p-values in the last column
represent the significance of differences between the areas AU-ROCs of mutual information
(I) and the other parameters.

Parameter
I
r [132]
ρ [133]
FWHM
WIT
κ [130]
PI
AU-TIC

Threshold

SNS

SPC

AU-ROC

p-value

≥ 1.198
≥ 0.369
≥ 0.800
< 18.7 s
< 7.50 s
≥ 0.298 s-1
≥ 59.72 a.u.
≥ 1346 a.u.

0.713
0.690
0.679
0.622
0.633
0.606
0.560
0.495

0.711
0.689
0.673
0.668
0.627
0.619
0.625
0.509

0.775
0.747
0.743
0.704
0.663
0.651
0.642
0.509

N/A
0.24
0.21
0.042
< 0.01
< 0.01
< 0.01
< 0.01

SNS=sensitivity, SPC=specificity, AU-ROC=area under the ROC curve,
FWHM=full-width at half-maximum, WIT=wash-in time,
PI=peak intensity, AU-TIC=area under the TIC.

was chosen to minimize the Euclidean distance to the top left corner of the curve,
where sensitivity (SNS) and specificity (SPC) were equal to 1. Three classification
performance measures were then computed: SNS, SPC, AU-ROC. For reference, the
best performing mutual information analysis was compared to several other DCE-USbased parameters described in literature: r [132], ρ [133], κ [130], peak intensity (PI,
linearized TIC peak value), wash-in time (WIT, i.e., the time between AT and reaching
95% of the TIC peak), full-width at half of the maximum (FWHM) of the TIC, and
area under the linearized TIC (AU-TIC).
To investigate the statistical significance of the differences in classification performance between the different parameters, p-values of the difference in AU-ROC were
calculated. The standard error (SE) in estimating each AU-ROC was computed as described in [184]. This computation requires the degrees of freedom nn and np within
the negative and positive class, respectively, to be known. Since neighboring pixels in
parametric maps are highly dependent on each other because of spatial filtering and
the kernel used in CUDI, they could not be regarded as independent measurements.
Instead, we assumed a number of independent pixels per region based on the average
region area per class (47.0 mm2 for benign, 62.8 mm2 for malignant). Assuming round
regions and a minimum spacing between independent points of approximately 6.5 mm
(kernel diameter+σpost ), we estimated the number of independent samples per area to
be 3 and 4, respectively. Hence, nn = 150 and np = 140. Differences were considered
to be significant for p < 0.05.
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Figure 2.6: Box plots of mutual information I computed from simulated curves with increasing values of κ.

2.3
2.3.1

Results
Simulation

Figure 2.6 contains box plots of I obtained by simulation as described in Section 2.2.4
for increasing values of κ between 0.1 and 1 s-1 (the first test). Here, the CUDI
settings found to be optimal in vivo were used to compute the mutual information
(i.e., tw = 35 s, Q = 64, using normalized q[n] and a temporal filter). As expected, I
is monotonically related to κ. This relation was also observed for other settings (not
shown here), but resulted in higher standard deviations of I for small tw .
The AU-ROCs, obtained by the second simulation test (see Fig. 2.5), for different
settings of CUDI by mutual information are presented in Fig. 2.7. When no temporal
filter was applied, only linearized data gave good results for each time window. In any
case, a time window of 35 s resulted in the best classification performance.
For the data preprocessed by a temporal filter, the AU-ROC increased with the
length of the time window. Again, tw = 35 s produced the highest AU-ROC. For this
window length, a higher number of quantization levels Q performed better than a lower
one and normalized log-compressed data performed better than the unnormalized or
linearized data.

2.3.2

Patient data

The classification results of different settings in patient data are given in Fig. 2.8. In
line with the simulation results, a time window of 35 s gave better results than one of
25 s, and using this time window, normalized log-compressed data worked marginally
better than other data types. However, in contrast to the simulation results, Q = 64
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Figure 2.7: Performance of mutual information in discriminating simulated curves with different values of κ. We tested the influence of a temporal filter, the window length tw , the
number of quantization levels Q, the type of DCE-US data (linear A[n] or log-compressed
q[n]), and normalization of the data on the performance.

outperformed Q = 256.
Table 2.1 shows the results of the in-vivo study for several CUDI and perfusionrelated parameters. In the last column, the p-values are given, obtained from the
statistical analysis comparing the AU-ROC of I with those of the other parameters.
The corresponding ROC curves of the 6 best performing parameters and their operating
points, defined by the thresholds given in Table 2.1, are depicted in Fig. 2.9. Mutual
information performs better than the other similarity-based parameters, though not
significantly (p = 0.24 and p = 0.21). The differences between I and the other three
parameters, however, were significant (p < 0.05).
Examples of parametric maps of each of the three similarity methods in one plane
are shown in Fig. 2.10. The settings used to generate the map of the mutual infor-
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Figure 2.8: Classification performance of mutual information for prostate cancer and benign
tissue in vivo. We tested the influence of a temporal filter, the window length tw , the number
of quantization levels Q, the type of DCE-US data (linear A[n] or log-compressed q[n]), and
normalization of the data on the performance.

mation were the best performing in the in vivo validation (i.e., with temporal filter,
using normalized log-compressed data, Q = 64, tw = 35 s). The corresponding histology slice with cancerous tissue marked by a pathologist is also presented. Particularly
in the near field on the patient’s right side (left in the image), I seems to be more
accurate than r and ρ, which tend to overestimate the size of the tumor in that area.

2.4

Discussion

In this research, we presented an extension of CUDI by spatiotemporal analysis using mutual information. In contrast to correlation or coherence, mutual information
permits the exploration of nonlinear relationships among TICs by assessing the degree
of statistical dependence between a TIC and its surrounding TICs. In fact, mutual
information vanishes if and only if a TIC is statistically independent to its surroundings. However, a vanishing correlation or coherence indicates only the lack of linear
dependence rather than a total independence.
The presented extension of similarity-based CUDI from linear similarity measures
to mutual information resulted in an improved capability of finding prostate cancer in
23 patients. However, extension of the dataset is required to investigate if a significant
improvement between the presented method and the other similarity-based methods
can be proven.
Computing a more general similarity comes at a small computational cost, which
increases when using more quantization levels and longer time windows. Using an
implementation in MATLAB (The MathWorks, Natick, MA) on a PC with a Intel®

34

Similarity analysis using mutual information
100

Sensitivity [%]

80

60

40
I
r
;
5
FWHM
WIT

20

0

0

20

40

60

80

100

1-Specificity [%]

Figure 2.9: ROC curves of several parameters obtained by in vivo validation.

Figure 2.10: Parametric maps of CUDI by (a) correlation r [132], (b) coherence ρ [131,133],
and (c) mutual information I. Subfigure (d) contains the corresponding histology slice with
cancer marked in red.

CoreTM i5-2500 processor at 3.30 GHz (Intel, Santa Clara, CA) and 16 GB of random
access memory, the method using the settings which gave the best classification performance took approximately 7 to 10 minutes to complete, depending on the size of
the prostate. In comparison, the linear similarity methods took approximately 4 to 7
minutes to complete. However, no code optimization had been applied and computation of both types of similarity maps can be strongly parallelized, because similarities
in different parts of the prostate can be computed simultaneously without conflict.
Therefore, we expect an optimized implementation of the methods to reduce the com-
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putation time by several minutes, which makes it suitable for adoption into a routine
prostate examination.
To validate this method, histology was used as ground truth, which is based on
cell differentiation (Gleason score [37]). In contrast, CUDI aims at finding regions
of reduced dispersion as a result of angiogenesis. Consequently, CUDI and histology
may produce slightly different tumor locations. Moreover, other pathologies affecting the microvascular structure, such as inflammation, may affect UCA dispersion.
Quantitative information about the microvascular density or distribution in a specific
area in the prostate can be helpful for the interpretation of CUDI. To this end, immunohistology [13] could be employed as it provides information on the microvascular
architecture.
In-vivo validation was performed by manually drawing benign and malignant regions after cognitive registration of the fundamental image and histology. This validation method could be improved by using an accurate image registration method to
obtain a better fusion of histology and parametric maps.
From the simulation as well as the in vivo results, it can be concluded that a longer
time window leads to improved classification. More data to estimate the joint PMF
in (2.6) may result in a more accurate estimation of the mutual information. The
window length is however limited to the point at which recirculation occurs (around
35 s), which generates noise independent of the local microvasculature.
According to the simulation results, applying a temporal filter reduces the capability
of mutual information to distinguish between the critical values of κ. It seems that the
noise may be of value in estimating the underlying statistical process which generated
the TICs. However, in vivo, the temporal filter improved the results. The complexity
of the noise encountered in vivo might not be fully described by that modeled in the
simulation. In fact, different noise statistics apply for low and high UCA concentrations
[179, 180]. Moreover, noise due to small movements of the probe or patient have not
been taken into account. Therefore, the extra filtering step is required to maximally
exploit the data.
In Section 2.2.2, four assumptions were made in the computation of the mutual
information between TICs. Each of the assumptions simplifies the statistical model
and reduces the computational complexity. In future work, one or more assumptions
could be left out to achieve more accurate mutual information estimation. Here, we
discuss the validity of these assumptions.
By considering TICs as IID processes (AS1 and AS2), time-dependency, intrinsic to
the process of UCA flowing through the vascular system, was ignored. The validity of
these assumptions is therefore questionable. Nonetheless, they may still be useful for
estimating dispersion from TIC similarity for the following reason. Mutual information,
as applied in this paper, can be regarded as the predictability of kernel TIC values from
a center TIC value, regardless of their position in time. Because TICs always have a
certain global shape, each TIC value only occurs in certain phases of the curve. For a
similar curve shapes in the center and the kernel, a TIC value in the center will occur
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in the same phase as that value will occur in the kernel, making the kernel TIC value
predictable. If a region has a lower dispersion, the values of TICs in the kernel will
be more similar in shape, hence better predictable by the values in the center. As a
result, low dispersion still results in high mutual information.
By aligning the TICs according to their ATs, the influence of in-plane flow on timeshifts between TICs is reduced. This supports the assumption that TIC values in the
kernel pixels are statistically only dependent on the center TIC value at a certain time
instance (AS3). Differences amongst TICs within the kernel can be a direct result of
dispersion. These differences lead to a more spread-out PMF of K N and C, which
again results in an expected lower mutual information for high dispersion.
Kernel TICs are assumed to originate from the same statistical distribution, regardless of their position in the kernel (AS4). This assumption can be made, because the
kernel covers only a relatively small area. Moreover, no a-priori information is available
about differences between kernel TICs based on their position in the kernel. There is,
however, a large computational benefit in applying AS4, caused by a reduction in the
number of entries in the PMF PK N ,C (k N , c), from which the mutual information is
calculated, by a factor N .
A key hypothesis behind the presented method is that TIC shape similarity is higher
in regions with lower dispersion; lower dispersion is linked to the presence of angiogenesis, possibly due to the effects of increased tortuosity. Yet, other irregularities in
the vasculature may occur across the kernel, such as an area containing a larger vessel
surrounded by microvessels or a vascularized region with a necrotic core. Whereas a
necrotic core does not contain any UCA and will hence be excluded from the analysis,
an area containing both larger and smaller vessels could lead to heterogeneous flow
patterns. Depending on the scale at which discontinuities occur, these may introduce
local artifacts in the image. However, these can be distinguished from spatially distributed similarity reflecting the presence of an angiogenic microvascular architecture
indicative of clinically significant cancer. To this end, the size of the kernel was chosen
such that the larger, clinically significant tumors could be localized and most of the
insignificant tumors would not be detected.
We adopted a Wiener deconvolution filter to compensate for changes in spatial
resolution of the ultrasound imaging system over depth. Unfortunately we were not
able to compensate for changes in beam width in the elevational direction, which
increases from 1.4 mm at a depth of 2 cm to 3.4 mm at 5 cm. This increase may
have an influence on the similarity between TICs and on the validity of AS4. However,
we did not observe a significant change in mutual information over depth. It may
nonetheless be interesting to investigate this phenomenon further in 4D DCE-US1
recordings.
The results of dispersion estimation by mutual information analysis confirm that
1 In

[J4] and [J6] and therefore also in Chapters 2 and 3, the term “4D DCE-US” is used instead
of “3D DCE-US”. In the other chapters, we write “3D DCE-US” to avoid inconsistency with the term
“2D DCE-US”.
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a reduction in dispersion, in a particular region, is an indicator of the existence of
an underlying angiogenic structure. One of the causes for the reduction in dispersion
might be the tortuosity of angiogenic vasculature, which acts against dispersion by
constraining the microbubbles within the sampling volume. However, other factors,
such as arteriovenous shunts and increased microvascular density, may play a role. The
link between dispersion and the geometrical properties of the tumor’s microvascular
architecture must be further researched to have a better understanding on how these
parameters influence the convective-dispersion process.
The method presented here aims at finding the mutual information between local
TIC shapes, which are difficult to appreciate by naked eye. To be able to compare
TIC shapes, these were aligned according to their ATs. However, information provided
by ATs and mutual information may be complimentary [111, 185]; combining these
two features in a multiparametric approach may possibly improve the classification
performance.
In this paper, an implementation of CUDI by similarity analysis in 2D has been
described. However, a pilot study has recently been conducted extending the method
to 3D and testing the feasibility of 4D DCE-US to perform such analyses using linear
similarity measures [J6] or mutual information [IC2]. This extension makes it possible
to image the entire prostate using a single bolus of contrast agent, saving time and
costs, while increasing the patient’s comfort. Moreover, by having the full 4D UCA
kinetics at our disposal, we are no longer limited to in-plane flow for our dispersion
analysis. Incorporating through-plane flow could lead to a more accurate estimation
of the local dispersion.

2.5

Conclusions

UCA dispersion can be indirectly estimated from the mutual information between
neighboring TICs as shown by a simulation study. Because low UCA dispersion reflects
the presence of prostate cancer, mutual information can possibly be used to localize
tumors. In an in-vivo validation for prostate cancer localization including 23 patients,
mutual information performed better than other CUDI implementations and several
features extracted from TICs commonly used to investigate tissue perfusion. Still, a
more accurate estimation of the value of the presented method could be achieved by
validating it in a larger patient group as well as other types of cancer where angiogenesis
plays an important role.
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Chapter

3

Technical feasibility of 3D CUDI
The content of this chapter has been published as [J6]:
S.G. Schalk,
L. Demi,
M. Smeenge,
D.M. Mills,
K.D. Wallace,
J.J.M.C.H. de la Rosette, H. Wijkstra, and M. Mischi, “4-D spatiotemporal
analysis of ultrasound contrast agent dispersion for prostate cancer localization: a
feasibility study,” IEEE Trans. Ultrason. Ferroelectr. Freq. Control, vol. 62, no. 5,
pp. 839-851, 2015. © 2015, IEEE.

40

Technical feasibility of 3D CUDI

Abstract
Currently, non-radical treatment for prostate cancer is hampered by the lack of reliable
diagnostics. Contrast-ultrasound dispersion imaging (CUDI) has recently shown great
potential as a prostate cancer imaging technique. CUDI estimates the local dispersion
of intravenously injected contrast agents – imaged by transrectal dynamic contrastenhanced ultrasound (DCE-US) – to detect angiogenic processes related to tumor
growth. The best CUDI results have so far been obtained by similarity analysis of the
contrast kinetics in neighboring pixels. To date, CUDI has been investigated in 2D
only. In this paper, an implementation of 3D CUDI based on spatiotemporal similarity
analysis of 4D DCE-US is described. Different from 2D methods, 3D CUDI permits
analysis of the entire prostate using a single injection of contrast agent. To perform 3D
CUDI, a new strategy was designed to estimate the similarity in the contrast kinetics
at each voxel and data processing steps were adjusted to the characteristics of 4D
DCE-US images. The technical feasibility of 4D DCE-US in 3D CUDI was assessed
and confirmed. Additionally, in a preliminary validation in two patients, dispersion
maps by 3D CUDI were quantitatively compared to those by 2D CUDI and to 12-core
systematic biopsies with promising results.
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Introduction

Prostate cancer is the type of cancer with the highest incidence and one of the most
prevalent cancer-related causes of death for men in the Western World [186, 187].
Currently, prostate cancer is usually detected by a prostate-specific antigen (PSA)
blood test or digital rectal examination (DRE) [188]. Yet, due to the low specificity
of these tests, the presence of prostate cancer requires confirmation by biopsy [188],
usually performed as a transrectal ultrasound (TRUS)-guided systematic biopsy, in
which typically 6 to 16 small cores are sampled from fixed positions in the prostate
according to a standard scheme. However, this test does not reveal the exact locations
or shapes of tumors, which might be undergraded or missed entirely [31, 41, 189].
Moreover, because taking biopsies is an invasive procedure, it brings a risk of developing
fever, hematuria, hematochezia, and hematospermia [29].
A minimally or non-invasive technique localizing prostate cancer could assist in
targeting the biopsy needle to a suspected cancerous area and hence reducing the
chance of false negatives. In this way, repeat biopsies could be avoided. Moreover,
such a technique would open up possibilities to treat prostate cancer locally (e.g., by
using photodynamic therapy, focal cryoablation, or high-intensity focused ultrasound),
reducing or eliminating morbidity, such as urinary incontinence or impotence, as is
experienced with radical treatment [190, 191].
Currently, several imaging techniques designed to localize prostate cancer, mostly
based on MRI or ultrasound (US), are being investigated [11]. In the recent years, researchers have especially investigated MRI as an imaging modality to diagnose prostate
cancer, due to the development of new techniques giving physiological and metabolic
information about the gland [11, 192]. In particular, in addition to conventional T1and T2-weighted images, diffusion-weighted MRI, dynamic contrast-enhanced MRI,
and MR spectroscopy imaging can now be used to come to a more reliable diagnosis [11, 192]. Often, some or all of the MRI techniques are combined into multiparametric MRI (mpMRI), used for a more accurate localization of prostate cancer [193]. Yet, despite the introduction of a standard scoring system (PI-RADS) [55],
the interpretation of mpMRI datasets remains complex and subjective [194, 195].
TRUS, has proven its potential as an alternative to MRI for localizing prostate cancer, with the additional advantages of being less expensive and applicable at the bedside. Currently, the most promising TRUS-based techniques used to localize prostate
cancer are (shear-wave) elastography, color and power Doppler, and dynamic contrastenhanced ultrasound (DCE-US). Elastography exploits the increased stiffness of tumors
with respect to benign tissue [196–198], Doppler images can expose increased perfusion
caused by higher vascularity around tumors [11, 196], and dynamic contrast-enhanced
ultrasound can be used to reveal angiogenesis (i.e., new microvessels required for tumor growth) [11, 105, 199]. Although a qualitative assessment of DCE-US videos can
already assist in localizing prostate cancer [105, 110, 200], the slow learning curve and
high inter-observer variability vouch for a quantitative approach [113].
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In quantitative approaches to DCE-US imaging, in general two different approaches
can be distinguished. In the first approach, a single intravenous injection of a
ultrasound-contrast-agent (UCA) bolus is adopted and its concentration over time
is measured in the imaging plane. From the resulting indicator dilution curves (IDCs),
several parameters can be extracted, such as time to peak, mean transit time, peak
intensity and area under the IDC [115, 179, 201, 202]. In the second approach, a continuous infusion of UCAs is applied to achieve a steady concentration in the blood.
Subsequently, the UCAs in the imaging plane are disrupted by one or several US pulses
at a high mechanical index. The reperfusion of the cleared area can be recorded over
time to obtain the step response of the underlying system, from which again several parameters (e.g., the initial slope) can be estimated [108,118,201,202]. The parameters
obtained by each of these methods mainly give an indication of the blood perfusion.
However, the effect of angiogenesis on blood perfusion in tumors is heterogenous: the
presence of arteriovenous shunts and the lack of vasomotor control may lead to an
increased blood flow, but this effect can be counterbalanced by the uneven diameter,
higher tortuosity, and higher permeability of the neovessels with the last contributing
to an increase in interstitial pressure [11, 15].
Recently, contrast-ultrasound dispersion imaging (CUDI) has been proposed as a
promising alternative to perfusion imaging to characterize changes in the structure of
microvessels caused by angiogenesis [130]. In CUDI, IDCs measured by DCE-US in
the prostate were originally modeled as a convection-diffusion process, based on the
multipath trajectories in the microvasculature. The first approach involved fitting the
convection-diffusion model to IDCs at each pixel to find a dispersion-related parameter
κ [130]. However, the tail of the IDC – required to find κ – had to be estimated from
the first part of the IDC due to recirculation. Moreover, low signal-to-noise ratio
(SNR) and dependency between model parameters can often cause estimations of
κ to be unreliable. In more recent publications [131–133], the problem of fitting
this model to the IDCs has been overcome by an indirect assessment of dispersion
based on the similarity of IDCs in neighboring pixels. To this end, for each pixel the
similarity was determined between the IDC in that pixel and the IDCs in a ring-shaped
kernel around it, with the additional advantage of shortening the algorithm’s execution
time. Validation of CUDI involving 24 DCE-US recordings in 8 patients confirmed the
superior accuracy of the similarity measures over IDC fitting in detecting prostate
cancer [132]. Moreover, results from a more extensive, mulitcenter study including
43 measurements in 24 patients indicate that CUDI outperforms the main perfusion
methods presented in literature [203].
To date, CUDI has been performed in 2D only. With the development of intracavitary transducers that are able to make 4D1 (3D + time) DCE-US recordings, 3D
CUDI can be envisaged as a new option to detect prostate cancer. The advantages of
3D over 2D CUDI are numerous: 3D CUDI can image the entire prostate with a single
bolus injection, saving time and costs, and reducing discomfort for patients; no contrast
flow is missed due to out-of-plane vessels, resulting in a more accurate estimation of
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the dispersion parameters; moreover, motion compensation can be applied to obtain
local IDCs only.
This paper describes the implementation of a full 4D similarity analysis to perform
3D CUDI for prostate cancer localization. To this end, the previously developed 2D
CUDI technique was extended to 3D, requiring the design of a 3D kernel and reconfiguration of various parameters used in the analysis. The technical feasibility of 4D
DCE-US for the implementation of 3D CUDI was evaluated with emphasis on its limited spatial and temporal resolution. Additionally, the obtained 3D CUDI maps were
compared with the corresponding 2D CUDI and biopsy results in two patients.

3.2
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Figure 3.1: Mean and standard deviation of the DCE-US recordings (not linearized). The
top row shows the 2D DCE-US recordings of (a) patient 1; (b) patient 2, bolus 1; (c) patient
2, bolus 2. The bottom row shows the 4D DCE-US recordings of (d) patient 1, bolus 1; (e)
patient 1, bolus 2; (f) patient 2.
1 In

[J4] and [J6] and therefore also in Chapters 2 and 3, the term “4D DCE-US” is used instead
of “3D DCE-US”. In the other chapters, we write “3D DCE-US” to avoid inconsistency with the term
“2D DCE-US”.
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Table 3.1: Specifications of the dynamic contrast-enhanced ultrasound recordings.

Temporal resolution (s−1 )
Imaging depth (mm)
Lateral field of view (◦ )
Elevational field of view (◦ )
Tx line density (lines/◦ )
Rx line density (lines/◦ )
Plane density (planes/◦ )

2D

4D-full*

4Dnarrow*

7.5
50
146
N/A
1.1
2.1
N/A

0.26
49
146
119
0.37
0.74
0.85

0.34
31
146
89
0.37
0.74
0.85

*4D-full refers to the regular 4D DCE-US recordings,
whereas 4D-narrow refers to the 4D recording with a reduced field of view.

Patients who participated in the study signed an informed consent.
For each DCE-US recording, a 2.4 mL bolus of SonoVue® (Bracco, Milan, Italy)
UCA was intravenously injected. A LOGIQ E9 (GE Healthcare, Wauwatosa, WI)
ultrasound scanner equipped with an IC9-5 and RIC9-5 transrectal probe was used to
make 2D and 4D DCE-US recordings, respectively. The scanner was set to contrast
mode at 4 MHz. For the 4D recordings, the BQ setting (image quality) was set to
“low” to maximize the temporal resolution. To prevent destruction of microbubbles by
the ultrasound pressure, a low mechanical index (between 0.09 and 0.13) was adopted.
The dynamic range and gain were set such that IDCs did not saturate. Because the
4D recordings were provided in spherical coordinates, linear interpolation was applied
to obtain cartesian datasets with a voxel size of 0.25×0.25×0.25 mm3 .
In total, six DCE-US recordings were made in two patients. A period of at least 5
minutes was left between subsequent injections for the UCA to be cleared. In patient 1,
one 2D DCE-US and two 4D DCE-US sequences were recorded. The second 4D DCEUS sequence was recorded with a reduced field of view, which was possible because
of the small size of the prostate, increasing the volume rate. In Fig. 3.1, the average
IDC inside the prostate is plotted for each DCE-US recording. Table 3.1 summarizes
the characteristics of the different types of DCE-US sequences: 2D, 4D with full field
of view, and 4D with reduced field of view. A 25% reduction of the elevational field
of view and a 37% reduction of the imaging depth led to a 31% increase in temporal
resolution. Additionally, Table 3.1 contains the line densities in transmission (Tx) and
reception (Rx) and plane densities, which were provided by GE. In patient 2, two 2D
DCE-US sequences and one 4D DCE-US sequence with full field of view were recorded.
To further characterize the differences between 2D and 4D DCE-US, we assessed
the spatial resolution from the acquired data. In vitro experiments [131] were used
to estimate the speckle size, which is closely related to the spatial resolution. To

Materials and method
2.2
2

45

Axial
Lateral

Speckle size (mm)

1.8
1.6
1.4
1.2
1
0.8
0.6
0.4
10

2.2
2

15

20

25
30
Distance from probe (mm)
(a)

35

40

20

25
30
Distance from probe (mm)
(b)

35

40

Axial
Lateral
Elevational

Speckle size (mm)

1.8
1.6
1.4
1.2
1
0.8
0.6
0.4
10

15

Figure 3.2: Speckle size in the axial, lateral, and elevational direction as a function of the
distance from the probe for (a) 2D and (b) 4D dynamic contrast-enhanced ultrasound. The
axial components are approximated by constants, the other components are approximated by
linear functions. All approximations are represented by the dashed lines.

estimate the speckle size for 4D DCE-US, a straightforward extension of the experiment
described in [131] from 2D to 3D was applied. Figure 3.2 shows the speckle size in
each direction for the adopted 2D and 4D DCE-US settings.

3.2.2

2D spatiotemporal similarity analysis

In [131–133] it was shown that a spatiotemporal similarity analysis can be used to
estimate the UCA dispersion. In this method, the average similarity is estimated
between each IDC and those IDCs in a ring-shaped kernel [Fig. 3.3(a)] around it.
A higher similarity is related to a lower dispersion D. In [131–133], the correlation
between frequency amplitude spectra of IDCs (referred to as coherence ρ) and the
correlation r between IDCs in the temporal domain are used as similarity measures.
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Figure 3.3: (a) Kernel used in 2D CUDI and (b) a cut view of the kernel used in 3D CUDI.
The 3D kernel has the same inner and outer radius as the 2D kernel.

An overview of the workflow for CUDI by spatiotemporal similarity analysis – as
proposed in [131–133] – is given in Fig. 3.4, in which each step is numbered from W1
to W10. After recording a DCE-US image (W1), because of the anisotropic and depthdependent nature of the speckle size (Fig. 3.2), the Wiener filter proposed in [133] was
applied to the DCE-US images to regularize the speckle size to approximately 0.8 mm
(W2). In this way, the influence of the imaging resolution on the spatiotemporal
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similarity analysis is reduced. The target speckle size is a tradeoff between SNR and
the desired spatial resolution of CUDI. To save computational time, which can be
especially critical for 3D CUDI, the images are downsampled (W3) to approximately
match the speckle size. The noise in IDCs is reduced by a low-pass filter in the temporal
domain (W4), after which the most informative part of the curve (35 s beginning from
the appearance time of the UCA) is extracted (W5). Because the DCE-US data is
stored as a log compressed image of the backscattered acoustic intensity, the data is
linearized (W6) before further processing.
Now, the data is ready for the spatiotemporal analysis (W7). For each pixel, the
average similarity between the IDC at the investigated pixel and the IDCs in a ringshaped kernel around it is calculated in the frequency domain (coherence ρ) or the
time-domain (correlation r) (W8). The kernel [Fig. 3.3(a)] has an inner radius of
1.0 mm and an outer radius of 2.5 mm. The inner radius has to be large enough to
prevent a bias in the similarity resulting from spatial dependency caused by the imaging
resolution. The outer radius is a tradeoff between the number of pixels available to
estimate the dispersion parameters and the resolution in the final dispersion map,
which should be small enough to detect early angiogenesis (2-3 mm [175]). Moreover,
the effect of UCA dispersion should be visible in all kernel pixels. When assuming
a blood velocity v through the capillaries of 1 mm/s [204] and a (high) value for κ
(= v 2 /2D) of 3 s-1 , D = 0.17 mm2 /s. √
The dispersion distance covered during the
√
time window tw of 35 s is then 2Dtw = 2 · 0.17 · 35 = 3.4 mm (see Appendix 3.6),
which means that all pixels in the kernel are reached by the dispersion of UCA from the
center pixel. Finally, to facilitate visual interpretation of the similarity results, spatial
Gaussian filters (σpost = 0.5 mm) (W9) are applied to obtain the final dispersion maps
(W10).

3.2.3

4D spatiotemporal similarity analysis

First, we applied CUDI by curve-fitting [130] to the 4D DCE-US data. However,
because of the low temporal resolution, the majority of the IDCs could not be fitted
(no fit or R2 < 0.75). For this reason, the CUDI methods explored in this paper
are the spatiotemporal similarity analyses obtaining the parameters coherence (ρ) and
correlation (r). Due to the large difference in data characteristics (Table 3.1) between
2D and 4D DCE-US, some of the steps in the workflow for the spatiotemporal similarity
analysis (Fig. 3.4) were redesigned to perform 3D CUDI.
In [133], speckle noise was modeled as white noise filtered by a Gaussian filter
Hsp (σax , σlat ) with constant axial standard deviation σax and depth-dependent lateral
standard deviation σlat . Note that the orientation of the Gaussian filter follows the
direction of the imaging line. The speckle size (SS), shown in Fig. 3.2, is linearly related
to the filter parameter σ as σ ≈ 0.30·SS (see Appendix 3.7). The speckle regularization
filter (W2) is implemented as the Wiener deconvolution of Hsp (σax , σlat ) [133]. To
apply the filter to the 4D DCE-US data, it was extended by including the standard
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Figure 3.4: Workflow for CUDI by spatiotemporal similarity analysis.

deviation σel in the elevational direction, yielding
Hreg (σt ) =

∗
(σax , σlat , σel )
Ht (σt )Hsp
2

|Hsp (σax , σlat , σel )| + NSR

.

(3.1)

The input of the regularization filter Hreg (σt ) is the standard deviation σt of
the filter Ht (σt ) corresponding to the target isotropic speckle size. NSR (noise-tosignal ratio) is a term which controls a trade-off between the filter’s accuracy and
stability. For the 4D DCE-US data, the optimal value for NSR was experimentally
determined to be approximately 10-5 . In [133], the target speckle size of the Wiener
filter was proposed to be 0.8 mm (σt = 0.25 mm) as a well-configured trade-off
between noise reduction and image resolution (i.e., the smallest tumor that can be
detected). Although the speckle size in 4D DCE-US in the lateral and elevational
direction is much larger than that of 2D DCE-US, the Wiener filter was still able to
regularize the speckle size to 0.8 mm. Therefore, no changes were made to this value.
As a consequence, also the downsampling factor (W3), which depends on the spatial
resolution, did not need to be changed.
The temporal filter (W4) used in 2D CUDI – a low-pass filter with a cut-off frequency of 0.5 Hz, designed to remove noise from IDCs [130,131] – was removed for 3D
CUDI, because the temporal resolution of 4D DCE-US was already below the cut-off
frequency. However, as explained in more detail in section 3.4.2, the temporal reso-
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Table 3.2: Comparison of 2D and 3D CUDI by spatiotemporal similarity analysis.

Kernel shape
Target speckle size of Wiener filter (mm)
Inner kernel radius (mm)
Outer kernel radius (mm)
Cut-off frequency of temporal filter (Hz)
Size of time window (s)
Std. dev. of Gaussian post-filter (mm)

2D CUDI

3D CUDI

ring
0.8
1.0
2.5
0.5
35
0.5

shell
0.8
1.0
2.5
none
45
0.5

lution was still sufficiently high to follow the UCA kinetics, and the cut-off frequency
could in fact be decreased without losing relevant information. Moreover, the limitation in noise reduction due to the lack of time filtering was partly compensated for by
the increased amount of IDCs that could be used in the spatial filter by having a third
dimension available.
To increase the number of samples from IDCs available for the similarity analysis,
we increased the window size (W5) from 35 s to 45 s. The extra data points are
especially beneficial for the coherence analysis, since the phase information is removed
in this analysis. However, to find the optimal window size, more DCE-US data is
needed.
In the similarity analysis (W7), the ring-shaped kernel proposed in [131] was replaced by a shell-shaped kernel [Fig. 3.3(b)] for 3D CUDI. The same as for 2D CUDI,
the size of the inner sphere is determined by the imaging resolution. Since the target
speckle size in the Wiener filter (W2) did not change compared to [132,133], we chose
to keep the same dimensions also for this kernel. An overview of all parameters used
in the analysis is given in Table 3.2.

3.2.4

Validation

Because the patients involved in this study did not undergo radical prostatectomy, no
whole-mount histology was available for validation. Since 2D CUDI by spatiotemporal
analysis has already been validated in vivo [132, 133], the 3D CUDI images were
compared to the 2D CUDI images in the corresponding planes for both patients.
Additionally, 3D CUDI was compared to histopathologic results from 12-core systematic biopsies, which were taken within hours after DCE-US imaging. Tissue samples
were acquired under TRUS guidance according to a fixed location scheme by placing
a biopsy gun against the rectal wall and shooting a core needle to a maximal depth
of 22 mm. Consequently, the anterior part of the prostate could not be reached by
the needle. The tissue samples with a typical length of approximately 15 mm were
analyzed under a microscope by a pathologist and assigned a Gleason score [37] based
on their cellular differentiation. In addition, for each biopsy sample the percentage
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of cancerous tissue was given. However, because the biopsy needle was guided by
2D freehand US, the location and direction of the needle could not be accurately
determined.
For a preliminary quantitative validation of the CUDI images using the biopsy
results, 4 areas with equal width in the right-left direction were defined in each CUDI
plane. Because the biopsy needle did not reach the most anterior part of the prostate,
only the bottom (most posterior) 15 mm were included in these areas [Fig. 3.5(a)]. In
this way, each area corresponds approximately to the location of one biopsy sample.
Per area, the average values of r and ρ were compared with the pathological outcome
of the corresponding biopsy sample.
Additionally, in a quantitative coarse-to-fine validation of 3D CUDI, the parameter
values, averaged over volumes inside the prostate, were compared to the biopsy results.
First, the parameter values in the entire prostate were included, after which the prostate
was divided in halves and quarters by the midplanes separating right and left, and base
and apex. Results in a finer grid could not be compared with biopsy results, due to
the large uncertainty in the biopsy locations at the base and apex. Again, only the
first 15 mm from the most posterior point were included in this validation.

3.3

Results

The dispersion maps from 2D and 3D CUDI by spatiotemporal similarity analysis
are shown in Figs. 3.5 to 3.7. Fig. 3.5 gives the correlation and coherence maps
for patient 1, Figs. 3.6 and 3.7 give the same maps for imaging plane 1 and 2 in
patient 2, respectively. White areas in the coherence and correlation maps indicate
pixels where no appearance time could be estimated, and therefore no time window
could be selected. The last subfigures in each figure contain the biopsy results in
the coronal plane and give an indication of the locations in the base-apex-direction
of the depicted dispersion maps (the green dashed line). Because the 2D DCE-US
videos were recorded in the mid-area of the prostate, the dispersion maps are almost
perpendicular to the coronal plane.
Table 3.3 gives the quantitative comparison between the 2D and 3D CUDI maps
and the biopsy results. Based on these results, we defined for each parameter an optimal thresholdp
for which the resulting sensitivity (SNS) and specificity (SPC) minimize
the function (1 − SNS)2 + (1 − SPC)2 (i.e., the Euclidian distance to the optimal
point in a receiver operating curve). The optimal thresholds and corresponding classification performance are reported in Table 3.4.
In general, the 3D CUDI maps by both correlation and coherence show good
agreement with the corresponding 2D CUDI maps. Only in the second imaging plane
of patient 2 (Fig. 3.7), a significant difference between 2D and 3D CUDI can be
observed in the transition zone. Moreover, the maps obtained by 3D CUDI agree well
with the biopsy results, though it should be noted that the biopsy results only give an

Figure 3.5: CUDI maps for patient 1: (a) 2D and 3D correlation r based on (b) full 4D and (c) narrow 4D DCE-US; (d) 2D and 3D coherence
ρ based on (e) full and (f) narrow DCE-US. In (g), the results from a systematic 12-core biopsy are given. Positive samples (Gleason 4+3 in
10-50% of the tissue) are indicated by a ‘+’, negative by a ‘-’. Additionally, the estimated location of the imaging plane is depicted as a green
dashed line. The white dashed lines in subfigure (a) indicate the biopsy areas.
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Figure 3.6: CUDI maps for patient 2, plane 1: (a) 2D and (b) 3D correlation r, (c) 2D
and (d) 3D coherence ρ. In (e), the results from a systematic 12-core biopsy are given. One
sample (‘+’) was tested positive as a Gleason 3+3 carcinoma in <10% of the tissue, the
others were tested negative (‘-’). Additionally, the estimated location of the imaging plane is
depicted as a green dashed line. The white dashed lines in subfigure (a) indicate the biopsy
areas.

indication of the sample locations, because the exact locations of the biopsy samples
are unknown (see Section 3.2.4).
In Fig. 3.8, the results of the coarse-to-fine validation for 3D CUDI are presented.
The values averaged over the entire prostate for both 3D CUDI parameters in patient 2 – who had only one positive biopsy – were lower then those obtained from
the two DCE-US recordings in patient 1 with mostly positive biopsies. The results
from patient 1, bolus 1, and patient 2 were obtained using the same scanner settings
and can directly be compared. For these two recordings, the parameter values in each
quarter containing only negative biopsies were lower than those containing at least one
positive biopsy.
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Figure 3.7: CUDI maps for patient 2, plane 2: (a) 2D and (b) 3D correlation r, (c) 2D
and (d) 3D coherence ρ. In (e), the results from a systematic 12-core biopsy are given. One
sample (‘+’) was tested positive as a Gleason 3+3 carcinoma in <10% of the tissue, the
others were tested negative (‘-’). Additionally, the estimated location of the imaging plane is
depicted as a green dashed line. The white dashed lines in subfigure (a) indicate the biopsy
areas.
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Figure 3.8: Coarse-to-fine analysis of the 3D CUDI parameters for each 4D DCE-US recording. The first column contains the means ± standard
deviations of the 3D CUDI parameters in the entire prostate (up to 15 mm from the most posterior point). In the second, third, and fourth columns
the prostate has been divided in base-apex, right-left, and quarters, respectively. In each set of numbers, the top row (blue) relates to the correlation
r, and the bottom row (red) to the coherence ρ. The last column gives the biopsy results, where a ‘+’ indicates a positive and a ‘-’ a negative biopsy.
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Table 3.3: Comparison of the 2D and 3D CUDI parameters correlation r and coherence ρ (mean ± standard deviation) with biopsy
results for each DCE-US recording and for each biopsy area.
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Table 3.4: Classification performance of the CUDI parameters

3.4
3.4.1

Parameter

Cancerous if

2D
2D
3D
3D

≥
≥
≥
≥

r
ρ
r
ρ

0.31
0.61
0.37
0.36

Sensitivity (%)

Specificity (%)

100 (3/3)
100 (3/3)
83 (5/6)
83 (5/6)

100 (9/9)
78 (7/9)
100 (10/10)
100 (10/10)

Discussion
Spatiotemporal analysis

In this paper we tested the feasibility of 4D DCE-US to perform 3D CUDI, which
was preliminarily validated by comparing the resulting dispersion maps to those by 2D
CUDI and to 12-core systematic biopsy results in two patients. CUDI by spatiotemporal
analysis was performed in 2D and 3D from which the similarity parameters correlation
r and coherence ρ were calculated. The dispersion maps of both r and ρ obtained by
3D CUDI showed good agreement with the 2D CUDI maps from both boli of patient 1
and the first bolus of patient 2 (Figs. 3.5 and 3.6), which confirmed the feasibility of
4D DCE-US as an imaging technique to perform 3D CUDI. Moreover, results from 3D
CUDI were consistent with the results from the biopsies.
The absolute values of the similarity parameters are different for 3D CUDI with
respect to 2D CUDI, which may be explained by the differences in data characteristics
of the DCE-US images. In particular, the lower temporal resolution of 4D DCEUS compared to 2D DCE-US results in less data for noise suppression and likely
causes the similarity parameters to go down. On the other hand, for the 4D DCE-US
images, more data points are available for spatial filtering, expectedly increasing the
SNR and consequently increasing the similarity between neighboring IDCs. Finally,
the lower spatial resolution of 4D DCE-US may result in a higher similarity between
neighboring voxels, which again is counterbalanced by the speckle regularization filter.
The combined effect of these differences on the similarity parameters is difficult to
predict. However, the most important observation is the pattern being consistent in
2D and 3D CUDI using separate UCA bolus injections, which implies reproducibility
of the method.
We also observed a difference in absolute parameter values of 3D CUDI for the two
recordings in patient 1 (Fig. 3.8). Although this might be explained by the different
scanner settings and DCE-US data characteristics, another explanation could relate to
the fact that two separate bolus injections were used to make the recordings. Firstly,
there might have been a slight reduction in the amount of UCA that was injected in
the second recording. Secondly, some of the UCAs from the first injection might still
have been circulating at the beginning of the second recording, despite the 5-minute
waiting period between subsequent injections. In both cases, this would result in a
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lower SNR and hence a lower similarity between neighboring curves due to spatially
uncorrelated noise. However, in both recordings in patient 1, the highest parameter
values were observed at the base and the lowest in the right-apical quarter, confirming
consistency in the relative pattern.
It is remarkable that the lowest similarity in patient 1 was observed in the quarter
with the most positive biopsy samples (Fig. 3.8). However, because in a systematic
biopsy the prostate is only sparsely sampled, there is a real possibility that tumors in
the other quarters are larger. While the scope of this paper is mainly on the feasibility
of using the 4D DCE-US recordings for 3D CUDI, future work could incorporate a more
extensive validation – including more patients or using full histology – to accurately
quantify the correlation between 3D dispersion maps and tumor locations.
For the last dataset, plane 2 of patient 2 (Fig. 3.7), both 2D CUDI parameters
show a few enhanced areas in the transition zone, whereas the parameters calculated
by 3D CUDI are low throughout the entire image. We believe this difference is mainly
caused by artifacts (poor tissue suppression) in the ultrasound image (Fig. 3.9), which
cause the nonlinear response in the contrast image to be high even when no UCA
is present. As a result, the similarity between IDCs in those areas is high, possibly
leading to a false positive where the biopsy results were negative. The enhanced areas
are slightly larger than the artifacts, which, in our opinion, is predominantly caused by
movement of the probe or patient, and by spatial pre- and post-filtering. In the 4D
similarity analysis, the kernel covered a larger volume extending beyond the artifact
alone. In that case, the similarity dropped and the artifact did not show in the final
dispersion maps. This is an example in which the extra information obtained by adding
the third spatial dimension into the analysis can lead to more accurate classification.

3.4.2

Data characteristics

Additionally, we characterized the 2D and 4D DCE-US datasets with respect to temporal and spatial resolution. In the worst case, in which a 4D DCE-US image was
recorded at maximum field of view, the temporal resolution was 0.26 Hz. Although
this number is almost a factor 30 lower than for the corresponding 2D DCE-US image, the resulting CUDI images show great relative agreement. An explanation for
this observation can be found by a frequency analysis of the theoretical IDC described
in [130]. The normalized power spectra of simulated IDCs with different values of κ,
while keeping mean transit time µ constant at 20 s (typically observed in humans) is
given in Fig. 3.10. The proposed threshold for κ to distinguish benign from malignant
tissue lies at 0.84 s-1 [130]. However, even for κ = 3 s-1 – corresponding to the fastest
kinetics – 99.6% of the power is located in the frequency bands below the Nyquist frequency of 4D DCE-US (0.13 Hz). From this, it follows that realistic IDCs can almost
entirely be described by data recorded at the temporal resolution of the presented 4D
DCE-US data.
The 2D DCE-US recordings have a temporal resolution which is much higher than
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artifacts

Figure 3.9: A frame of the 2D contrast video of the second imaging plane for patient 2,
before the contrast has reached the prostate. The artifacts can clearly be observed. The
correlation map has been overlaid on the fundamental part of the image.

the highest frequencies in the IDCs. For these recordings, a standard low-pass filter
in the time domain can already increase the SNR. However, for the 4D DCE-US
recordings, the temporal resolution gives little opportunity for noise suppression by
conventional linear filtering. As a result, the final 3D CUDI image is very sensitive to
the SNR of the underlying 4D DCE-US. Denoising based on dedicated noise models
(as suggested in [179] or [180]) can possibly improve the method’s robustness.
Because there is limited room for noise suppression by temporal filtering, 3D CUDI
could still benefit from a higher temporal resolution. Based on the data characteristics
in Table 3.1 – considering the traveling time of the ultrasound pulses as the only
limiting factor and assuming a pulse inversion scheme – the theoretical limit to the
temporal resolution for 4D DCE-US with full field of view is approximately 1.4 s-1 .
This suggests that in theory the temporal resolution could still be improved while
maintaining the image quality.
In the far field (40 mm from the probe head), the lateral (and elevational) speckle
size of 4D DCE-US is 1.8 mm, approximately twice that of 2D DCE-US (Fig. 3.2).
Although it is smaller than the 2-3-mm resolution required for detection of early angiogenesis [175], it is larger than the inner radius of the kernel used for the similarity
analysis (1 mm). Hence, the Wiener filter is not only required to compensate for the
depth-dependency of the speckle size, but also to reduce the speckle size to stay within
the inner radius of the kernel for 3D CUDI.

3.4.3

Future work

Because only two patients were included in this pilot study, future work includes extension of the patient group to be able to perform a quantitative validation, possibly
compared with histology after radical prostatectomy.
The analyses made in this study used data obtained by a commercially available
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Figure 3.10: Normalized power spectrum of the theoretical indicator dilution curve.

machine, which was not designed for our purpose. Performance of 3D CUDI might
still improve if the image acquisition method (e.g., the balance between spatial and
temporal resolution) is optimized for our algorithm.
Because no motion compensation has been applied to the DCE-US data before performing the CUDI analysis, movement of the probe relative to the patient during data
recording may result in spatial blurring of the IDCs. This may affect the spatial resolution of the resulting CUDI map. However, in most cases, it will not lead to a strong
artifact in similarity because of the small local variation in IDC shape. Moreover, motion of the probe is physically limited by the rectum. Considering the aforementioned
remarks and the threshold of 0.5 cm3 for clinically significant tumors [139], we expect
a negligible influence of motion on the diagnostic information provided by CUDI. Yet,
in future work, it could be interesting to explore the effect of motion compensation in
the 4D DCE-US datasets on the final CUDI maps.
A 3D prostate cancer imaging technique based on TRUS can be very helpful for
taking targeted biopsies. Different from targeted biopsies based on MRI [205], no
multi-modal registration technique or expensive equipment is required. Regarding
ultrasound-based methods, the availability of 3D data helps navigation to the lesions
found by the prostate cancer imaging technique, and the entire prostate volume is
covered.
Because CUDI is based on differences in UCA dispersion caused by angiogenic
microvasculature, this method theoretically works in any type of cancer where angiogenic growth is present. Application of the method to organs other than the prostate
is therefore a logical step to make.
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Conclusion

An extension of 2D CUDI to 3D using 4D DCE-US is proposed. We assessed the
data characteristics of the 4D DCE-US recordings and found them to be sufficient for
enabling 3D CUDI by similarity analysis. The method could however benefit from an
increased temporal resolution, which could theoretically be achieved without compromising the image quality. Additionally, a preliminary validation of 3D CUDI in two
patients by quantitative comparison of 3D CUDI with 2D CUDI and results from 12core systematic biopsies yielded promising results. When more extensively validated,
3D CUDI could possibly be employed for targeting biopsies or focal treatment.

3.6

Appendix: UCA dispersion distance

The dispersion of UCA through a vascular network can be modeled as particles flowing
through an infinitely long tube with cross-sectional area Atb [130, 206]. Assuming an
initial UCA concentration CU CA (x, 0) = (m/Atb )δ(x) where m is the mass of UCA
and δ(·) is the Dirac delta function, the UCA concentration CU CA (x, t) can be written
as a function of the distance x downstream from the injection site and the time t after
the injection as [206]
!
2
m
(x − vt)
√
CU CA (x, t) =
exp −
.
(3.2)
4Dt
Atb 4πDt
R∞
In (3.2), conservation of mass is assumed, hence Atb −∞ CU CA (x, t)dx = m. If
no convection takes place (v = 0), (3.2) can be rewritten as


1
x2
m
· √ exp − 2 ,
(3.3)
CU CA (x, t) =
Atb σ 2π
2σ
with

√
σ(t) =

2Dt.

The last term in (3.3) can be recognized as a Gaussian probability density function
with 0 mean and standard deviation equal to σ. Consequently, at each time t, the
spatial distribution
√ of UCA is Gaussian, with standard deviation of UCA position x
equal to σ(t) = 2Dt, referred to as dispersion distance.

3.7

Appendix: Relation between speckle size and filter parameters

In this paper, following [133], 2D fully developed speckle s (xim ) as function of the
location xim in a US image is modeled as Gaussian noise nw (xim ) with mean µn
and variance σn2 , spatially filtered by a Gaussian filter Hsp (σax , σlat ) with constant
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axial standard deviation σax and lateral standard deviation σlat (d) dependent on the
imaging depth d. The axial direction at a certain point in the US image is defined as the
direction of the US imaging line through that point and the lateral direction is defined
as the direction perpendicular to the axial direction. As a result, the orientation of
the filter changes, depending on the location in the US image. Since the 2D Gaussian
filter can be written as a convolution of two 1D Gaussian filters in the axial and
lateral direction, from now on we will regard speckle in 1D (either in the axial or
lateral direction) with a corresponding Gaussian filter Hsp (σsp ). If hsp is the impulse
response of Hsp (σsp ) at a certain location in the US image, 1D speckle s (xim ) in the
neighborhood of that location can be written as
s (xim ) = (nw ∗ hsp ) (xim ) .

(3.4)

The speckle size of s (xim ) is defined as the full-width at half maximum (FWHM) of
the autocovariance Css (∆x) of s (xim ) [131], defined as [207]
Css (∆x) = E [(s (xim ) − µs ) (s (xim + ∆x) − µs )]
= E [s (xim ) s (xim + ∆x)] − µ2s
= Rss (∆x) − µ2s ,

(3.5)

where µs is the mean and Rss (∆x) is the autocorrelation of s(xim ). Because s (xim )
is linearly filtered wide sense stationary noise, Rss can be expressed as [207]
Z ∞
Z ∞
Rss (∆x) =
hsp (u)
hsp (v) Rnn (∆x + u + v) dvdu.
(3.6)
−∞

−∞

In (3.6), the autocorrelation Rnn (∆x) of the Gaussian noise is equal to Rnn (∆x) =
µ2n + σn2 δ (∆x), where δ(·) is the Dirac delta function. By using the fact that the
Gaussian impulse response h integrates to 1, we can rewrite (3.6) as
Z ∞
Rss (∆x) = µ2n + σn2
hsp (u) hsp (∆x + u) du.
(3.7)
−∞

Substituting (3.7) into (3.5) and using the fact that the mean of the noise does not
change after filtering (µs = µn ) yields
Z ∞
Css (∆x) = σn2
hsp (u) hsp (∆x + u) du.
(3.8)
−∞

From (3.8) it is clear that the FWHM of Css is in fact the FWHM of the convolution
of hsp with itself. The convolution of a Gaussian function (standard
deviation σ) with
√
itself is again a Gaussian function with standard deviation 2σ. The FWHM
√ of the
impulse response of a Gaussian filter with standard deviation σ is equal to 2 2 ln 2σ.
The FWHM√of Css (or speckle size) can therefore be expressed in terms of σsp as
FWHM = 4 ln 2σsp ≈ 3.3σsp , or inversely σsp ≈ 0.30 FWHM.

62

Technical feasibility of 3D CUDI

Chapter

4

3D CUDI based on mutual
information
The content of this chapter has been published as [IC2]:
S.G. Schalk, L. Demi, J.J.M.C.H. de la Rosette, P. Huang, H. Wijkstra, and
M. Mischi, “3D contrast ultrasound dispersion imaging by mutual information for
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Abstract
Prostate cancer (PCa) is the most occurring type of cancer in the Western World. Yet,
the most common diagnostic tool, systematic biopsy, is invasive and has low sensitivity.
Recently, contrast-ultrasound dispersion imaging (CUDI) by spatiotemporal similarity
analysis on contrast-enhanced ultrasound (CEUS) has been proposed as a promising,
non-invasive alternative for PCa localization. It was shown that increased mutual
information (MutI) between the indicator dilution curves in a block kernel and its
central pixel relates to the presence of PCa. However, until now CUDI by MutI has been
investigated in 2D only, requiring a separate contrast injection for each imaging plane.
Moreover, out-of-plane contrast flow could not be taken into account. In this work, we
implemented CUDI by MutI using 4D CEUS to overcome the aforementioned issues.
We tested its feasibility to perform 3D CUDI by comparison with 12-core systematic
biopsies in 3 patients. The mean MutI for the patient with only one positive biopsy
sample was significantly lower than that for the other two patients with more than 6
positive samples. This result encourages refinement and validation of the presented
method in a larger patient group.
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Introduction

Prostate cancer (PCa) is the first type of cancer among males in the United States
for incidence and the second for mortality [159]. However, the typical diagnostic tools
for PCa diagnosis, prostate-specific anitigen (PSA) blood test and systematic biopsy,
have a low specificity and sensitivity, respectively [31, 42]. Moreover, being invasive,
biopsies can be painful and cause infections [29].
For these reasons, researchers have been looking for a minimally invasive method to
locate PCa. One of the most promising of such methods is multi-parametric magnetic
resonance imaging (mpMRI) [193], which combines several MRI-based imaging techniques by scoring them through the PI-RADS [55] or the updated PI-RADSv2 [208]
scoring system. Although mpMRI adds diagnostic value to systematic biopsies, the
interpretation of the mpMRI data remains complex and subjective [194].
Transrectal ultrasound (TRUS) has shown potential as an alternative imaging
modality for PCa detection through the development of several dedicated methods [75, 76, 97, 100, 130–132, 201, 209]. Unlike MRI, TRUS is cost-effective, directly
applicable at the bedside, and can be adopted without the need for support by the
radiology department.
One type of TRUS-based methods involves machine learning approaches combining
features extracted from RF data or gray-scale (fundamental) images [75,76]. This has
lead to a commercial implementation, histoscanning [76], but a large scale study [210]
reported a sensitivity and specificity of only 60% and 66%, respectively.
Other methods exploit the increased stiffness of tumors with respect to healthy
tissue, of which in particular shear wave elastography imaging produced very promising results with sensitivity and specificity values above 90% [97, 100]. However, this
technique has not been validated in a large patient study, yet.
In a different approach, angiogenesis (i.e., formation of new microvessels required
for a tumor to grow) is used as a marker for PCa. For example, Doppler ultrasound in
combination with an ultrasound contrast agent (UCA) is used to reveal an enhanced
perfusion as a result of angiogenesis [201, 209], whereas other methods extract hemodynamic parameters from dynamic contrast-enhanced ultrasound (CEUS) recordings
to detect this increase in perfusion [201].
In recent work by our group [130–132], contrast ultrasound dispersion imaging
(CUDI) has been developed, focusing on lower dispersion (rather than higher perfusion)
as a result of properties of the microvascular architecture specific to angiogenesis
(rather than increased microvascular density). A number of parameters related to the
local dispersion of a bolus of UCAs have been explored. In an initial implementation
of CUDI [130], a convection-diffusion model was fitted to individual indicator-dilution
curves (IDCs, contrast concentration as a function of time) to obtain a dispersionrelated parameter κ. Later, it was shown that κ can indirectly be estimated from
the similarity between an IDC in a center pixel and those in an area around it [131,
132], expressed in linear similarity metrics. More recently, mutual information (MutI)
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has been investigated in this context as a more general similarity metric, with very
promising results [174].
However, until now CUDI by MutI has been implemented using 2-dimensional (2D)
CEUS imaging only. Consequently, only one plane per UCA injection can be recorded
and out-of-plane contrast flow cannot be analyzed. When using a 3-dimensional (3D)
probe to make 4-dimensional (4D, 3D + time) CEUS recordings, the entire prostate
can be imaged using a single contrast injection. As a results, no tumors are missed
for being outside the imaging plane and costs and time of a CEUS investigation are
reduced, improving patient comfort. Moreover, since dispersion is by nature a 4D
process, a more accurate estimation of the contrast dispersion could be achieved, also
accounting for out-of-plane flow.
This paper describes a 3D implementation of CUDI by MutI. To this end, some of
the previous design choices made for 2D CUDI had to be reconsidered and optimized
to better suit the different characteristics of 4D CEUS data. The feasibility of the
method has been evaluated in three patients from two different hospitals by comparing
the MutI maps with results from 12-core systematic biopsies.

4.2
4.2.1

Material and Methods
Theory

In previous work [131, 132, 174], it was shown that an increased similarity between
neighboring IDCs can be linked to PCa. In this context, a nonlinear similarity measure,
I(K, C), was introduced based on the MutI among IDCs. This is defined as [174]
I(K, C) =

XX

PK,C (k, c) log2

k∈K c∈C

 P

K,C (k, c)
PK (k)PC (c)

(4.1)

with
PK (k) =

X

PK,C (k, c),

c∈C

PC (c) =

X

PK,C (k, c).

k∈K

The random variables C and K represent the contrast levels c and k in a certain
pixel (voxel in 3D) and in those in a kernel around it, respectively. The contrast levels
are logarithmically related to the UCA concentration [130]. In the 2D implementation
[174], a square kernel was used and contrast levels were coded with 8-bits; in that
case C = K = {0, 1, ..., 255}.
From (4.1), it can be observed that I is dependent only on the joint probability
mass function (PMF) PK,C (k, c) of C and K, which, after applying the marginalization
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PK,C (k, c) = PK|C (k|c)PC (c), can eventually be approximated by [174]
PK,C (k, c) =

Nk|c (k, c)
,
N ·F

(4.2)

in which Nk|c (k, c) is the number of pixels in the kernel where K = k at time instances
where C = c. The variable N represents the total number of pixels in the kernel; F
represents the number of frames in an IDC.

4.2.2

Data Acquisition

For the 4D analysis, CEUS data were acquired from three patients referred for systematic biopsies: two from the Academic Medical Center (AMC), University of Amsterdam
(Amsterdam, The Netherlands) and one from the Second Affiliated Hospital of the
Zhejiang University School of Medicine (Hangzhou, Zhejiang, China).
Each patient was injected with a 2.4-mL bolus of UCA SonoVue® (Bracco, Milan,
Italy) to record a 2-minute CEUS volume sequence (with voxel size 0.253 mm3 ) using
a LOGIQ E9 ultrasound scanner (GE Healthcare) equiped with a 3D RIC5-9 probe.
The scanner was used in contrast-specific mode. Furthermore, the mechanical index
was set to a low value (0.09–0.12) to prevent UCA destruction and the imaging quality
setting (BQ) was set to “low” to maximize the volume rate.

4.2.3

Mutual Information in 3D

Before applying the analysis described in Section 4.2.1 to the 4D CEUS data, preprocessing steps, much like those in [J6], were applied. First, the data was spatially
filtered using the speckle regularization filter described in [J6]. This step allowed
spatial downsampling by a factor 3×3×3, strongly reducing the computation time.
The IDCs were then time-windowed to focus on the most informative part. In
2D CUDI [174], the optimal window was found to be the period from 3 s before to
6 s after UCA appearance (defined as the point at which the IDC reaches 10% of its
peak). Considering the low volume rate of 3D CEUS data (0.26-0.30 s-1 ), the window
length was heuristically extended to 25 s, starting from UCA appearance.
Finally, to avoid a very sparse PMF as a result of the low volume rate, the number
of contrast levels was reduced from 256 to 64. As a result, C = K = {0, 1, ..., 63}.
For the CUDI analysis the square kernel used in 2D [174] was extended to 3D.
However, instead of a cubic kernel, a hollow, shell-shaped kernel like the one described
in [J6] was used. This kernel does not include IDCs within 1 mm from the center IDC
to avoid a bias in similarity caused by the intrinsic resolution of the imaging system.
After computing I for each voxel, a 3D Gaussian filter with a standard deviation
of 0.5 mm was applied to obtain the final parametric map.
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Figure 4.1: Transversal cross-sections of the parametric maps of mutual information I.

4.2.4

Validation

Before validating 3D CUDI by MutI, the three prostates were manually segmented
from the CEUS sequences. From each segmentation, a binary mask (representing the
voxels inside the prostate) was generated, which was eroded by 2 mm to account for
segmentation errors. These masks were then used to extract only those values from
the parametric maps of I that were inside the prostate. Probability density functions
(PDFs) of I were estimated for each prostate, based on their respective histograms.
Each patient underwent a 12-core systematic biopsy of which the outcome (number
of positive biopsies) was compared to the PDF and to the average value of I found in
that patient. Differences between the means of I among the patients were considered
to be significant for p < 0.05, calculated by a two-tailed Welch’s t-test. Pre-processing,
post-processing, and the size of the kernel create a dependence between neighboring
values of I unrelated to the presence of PCa. For this reason, only samples from the
parametric maps at a minimum mutual distance of 10 mm were used for the statistical
analysis.

4.3

Results

Figure 4.1 shows the central, transversal cross section of the parametric maps of I for
each patient. The average values of I (calculated over the entire prostate) and the
number of positive biopsies found in each patient are given in Table 4.1. As expected,
in patient 1, with only one positive biopsy sample, the lowest values of I were obtained.
The two patients with >50% positive biopsy samples, on the other hand, produced
higher values of I.
In Fig. 4.2(a) the estimated PDFs of I are plotted for each of the three patients. In
Fig. 4.2(b) the PDFs of patient 2 and 3 are combined to stress the difference between
the patient with only 1 positive biopsy sample and the patients with more than 6
positive samples. The difference between the average values of I for the negative case
and the positive cases was significant (p < 0.001). Also, a significant difference was
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Figure 4.2: Probability density of mutual information I for each patient. In subfigure (b),
the probability densities for patients 2 and 3 — with mostly positive biopsy samples — have
been combined.

observed between the values of I for each set of two patients (p = 0.048 for patient 2
and 3 and p < 0.001 for both other sets).

4.4

Discussion

In this paper we presented an extension of CUDI by MutI [174] to 3D and carried out
a preliminary validation with systematic biopsies in three patients from two different
hospitals. A significant difference was observed between the positive (patient 2 and 3)
and negative cases (patient 1). A similar result was found for 3D CUDI using linear
similarity measures, validated in two patients [J6].
Unexpectedly, even though the number of positive biopsies in patient 3 is higher
than in patient 2, the average MutI is higher in patient 2. An explanation can be found
in the large size of the prostate. In general, the signal-to-noise ratio (SNR) declines
for larger distances from the probe. For large prostates this distance may have such a
negative effect on the SNR in the far field that the similarity between IDCs significantly
decreases in that area. This decrease is also visible in Fig. 4.1. To further investigate
this hypothesis, we repeated the statistical tests including only values of I within
Table 4.1: Mutual information compared to biopsy results

Patient 1
Patient 2
Patient 3

Positive biopsies

Gleason score (#)

I (mean ± std. dev.)

1 of 12
7 of 12
11 of 12

3+3 (1)
4+3 (7)
4+3 (7), 3+4 (4)

0.26 ± 0.14
0.61 ± 0.25
0.51 ± 0.17
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30 mm from the tip of the probe. The average value of I for patient 2 and 3 increased
then to 0.63 ± 0.24 and 0.57 ± 0.14, respectively. The resulting difference was no
longer significant (p = 0.94). When more data is available, a compensation for this
effect could be incorporated into the method.
When interpreting the results of Table 4.1, the reader should keep in mind that
tumors can be overgraded, undergraded, or missed entirely during a systematic biopsy
[41, 211]. Therefore, small variations in the number of positive biopsy samples and
the Gleason score determined in those samples cannot always correlate to the values
found by CUDI.
In a patient with a similar number of positive and negative biopsies, a higher
heterogeneity in tissue type (healthy or cancerous) is expected. The PDF of patient 2
in Fig. 4.2(a) is more spread out than that of patient 1 or 3, which supports this
hypothesis.
Although these preliminary results are promising, more patients should be added
for a solid statistical analysis. Moreover, including patients referred for radical prostatectomy makes it possible to use full histopathology as a ground truth instead of the
biopsy samples used in this work. Full histopathology provides a better characterization (e.g., size and shape) of tumors. Moreover, it can potentially lead to a more
accurate registration between parametric maps and ground truth. Both improvements
will be made in future studies.
The parameter settings for the spatial filter and the time window have now been
determined heuristically. When more data is available, these filters will be optimized
in a more structured way, improving the classification performance of the method.
In this study, MutI has been investigated as a general measure for similarity between
IDCs. However, other parameters reflecting the statistical dependency between IDCs
will also be explored in future work.
Here and in previous work [174], the concept of using MutI between IDCs has
been tested for PCa localization. Because the presented method is designed to detect the formation of angiogenesis, it could also be applied for locating cancer where
angiogenesis plays an important role in organs other than the prostate.

4.5

Conclusion

A two-dimensional method estimating the mutual information between neighboring
indicator dilution curves to locate prostate cancer has been extended to three dimensions. This extension can possibly reduce costs and improve patient comfort, while
increasing the method’s ability to locate tumors. The preliminary results encourage
expansion of the study to a larger dataset, also including patients referred for radical
prostatectomy. This enables further refinement and more accurate validation of the
method. The nature of the method allows application in other types of cancer in which
angiogenesis is involved.
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The content of this chapter has been submitted for publication as [J2]:
S.G. Schalk, J. Huang, J. Li, L. Demi, H. Wijkstra, P. Huang, and M. Mischi,
“3D quantitative contrast ultrasound for prostate cancer localization,” Eur. J.
Ultrasound.
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Abstract
Purpose: To investigate the possibility of using quantitative 3D dynamic contrastenhanced ultrasound (DCE-US), and in particular 3D contrast-ultrasound dispersion
imaging (CUDI), for prostate cancer detection and localization.
Materials and Methods: 43 patients referred for 10-12-core systematic biopsy
underwent 3D DCE-US. For each 3D DCE-US recording, parametric maps of CUDIbased and perfusion-based parameters were computed. Per biopsy core, the presence
of malignancy and the Gleason score were reported. Each prostate was divided in
12 sections corresponding to the biopsy locations. The 90th percentile values of the
parameters in each biopsy location were compared with the biopsy outcome. Next,
adjacent sections were combined into 6, 3, 2, and 1 section(s). Two validations were
performed: one considering a section malignant if at least one core had malignancy,
another if at least half of the cores were malignant. Finally, sensitivity and specificity
to detect cancer were also evaluated.
Results: For CUDI by correlation (r) and wash-in time (WIT), a significant
difference in parameter values between benign and malignant biopsy cores was
found (p < 0.001). For these two parameters, areas under the receiver operating
characteristic curve strongly increased for sections consisting of ≥50% malignant
cores. In a left/right analysis, sensitivity and specificity were 65% and 80% for r, and
57% and 77% for WIT, respectively; in a per-prostate analysis, they were 94% and
50% for r, and 53% and 81% for WIT.
Conclusion: Quantitative 3D DCE-US can detect prostate cancer. We recommend
follow-up studies to investigate its value for targeting biopsies.
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Introduction

The current standard method for prostate cancer (PCa) diagnosis is TRUS-guided
systematic biopsy, usually after suspicion has been raised by digital rectal examination (DRE) or an elevated serum prostate-specific antigen (PSA) level [8]. However,
systematic biopsies frequently miss or under-grade tumors [41, 212]. In the latest international guidelines, multiparametric MRI (mpMRI) is recommended for patients
with persistently elevated PSA level and a prior negative biopsy session [8, 55]. However, MRI investigations cannot be performed at the bedside and bring increased
costs. Several alternative TRUS-based techniques, such as (shear-wave) elastography,
computer-aided TRUS, and dynamic contrast-enhanced ultrasound (DCE-US), have
been developed, that show promise for PCa detection [213].
In DCE-US, intravenously injected microbubbles with a size comparable to red
blood cells are used as contrast agents. Although the resolution of DCE-US imaging is not in the range of the size of the microvasculature, the kinetics of the microbubbles through the microvasculature can be captured by recording their concentration over time. PCa growth requires angiogenic microvasculature, which has different structural properties (e.g., increased tortuosity, presence of arteriovenous shunts,
increased permeability) resulting in different microbubble kinetics [11]. Therefore,
several studies have been carried out using DCE-US imaging qualitatively to detect
PCa [106,107,214]. DCE-US features related to PCa are rapid contrast enhancement,
increased contrast enhancement, and asymmetric flow patterns [111, 215] however,
their effects are usually very subtle and vanish within seconds. Consequently, interpretation of DCE-US recordings is rather subjective when interpreted with the naked
eye. To increase objectivity and improve accuracy, the possibility of using quantitative
methods by extracting perfusion-based parameters from DCE-US recordings have been
investigated [113, 201].
Recently, contrast-ultrasound dispersion imaging (CUDI) has been proposed as a
novel approach to distinguish between angiogenic and healthy vasculature by focusing
on contrast dispersion rather than perfusion [130,132,133],[J4]. In fact, it was hypothesized that dispersion better reflects the underlying microvascular differences. At the
origin of this technique, a model was fitted to acoustic time-intensity curves (TICs)
in each pixel of a DCE-US recording [130]. From the fit, a dispersion-related parameter could be extracted. Later it was shown that the similarity between neighboring
TICs could be used as an indirect measure of local dispersion, which lead to better
classification results [132, 133],[J4]. Three different similarity measures were investigated: temporal correlation (r), spectral coherence (ρ), and mutual information (I).
However, the method was still limited by the 2D nature of the recordings. Each plane
required a separate injection of microbubbles, tumors between imaging planes were
missed, and out-of-plane flow could not be observed.
Using 3D DCE-US enables imaging the vasculature in the entire prostate with
a single injection of contrast agent and the inherently three-dimensional transport
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kinetics can be observed. In a recent study, the technical feasibility of 3D CUDI as
the first quantitative method using 3D DCE-US for PCa was tested in vivo in two
patients [J6]. Although the temporal resolution of 3D DCE-US recordings was too low
for model fitting, 3D CUDI by similarity analysis was shown to be possible.
In this work, we tested the ability of quantitative 3D DCE-US, and in particular 3D
CUDI by similarity analysis, for PCa detection by comparison with systematic biopsies
in 43 patients. Three similarity and four perfusion parameters were extracted from the
3D DCE-US recordings. We investigated which parameters could discriminate between
benign and malignant tissue and made a preliminary estimation of their classification
performance.

5.2

Patients and study design

Between January 2015 and July 2015, 9 patients, and between December 2015 and
March 2016, 49 consecutive patients referred for systematic biopsy underwent DCEUS at the Second Affiliated Hospital of Zhejiang University (SAHZU) (Hangzhou,
Zhejiang, PR China). Inclusion criteria were age >18 years and referral for systematic
biopsy and DCE-US based on elevated PSA level, abnormal DRE, or lesions visible
in MRI. This study was approved by the local ethical committee and the institutional
review board of SAHZU. Written informed consent was obtained from all participants
in the study.
After intravenous injection of 2.4 mL Sonovue® (Bracco, Milan, Italy) microbubbles, 3D DCE-US imaging was performed using a LOGIQ E9 ultrasound scanner (GE
Healthcare, Wauwatosa, WI, USA) equipped with an RIC9-5 transducer. To maximize the volume rate, the imaging quality setting “B” was set to “low”. The acoustic
output power setting “AO%” was limited to “10” to prevent bubble disruption. Each
DCE-US recording lasted 2 minutes and was stored in raw DICOM format. After
technical evaluation of the DCE-US recordings, 13 patients were excluded (Fig. 5.1).
The remaining recordings were prepared for analysis as described in [J6]. On each
of these datasets, a CUDI similarity analysis as described in [J4,J6] was performed
to generate parametric maps (Fig. 5.2) of r, ρ, and I. To enable a fair comparison
between the similarity measures, the same time window of 45 s, like the one described
in [J6], was used for each measure. Additionally, several perfusion parameters proposed in the literature [201] were extracted from the TICs at each voxel: wash-in
time (WIT), peak intensity (PI), wash-in rate (WIR), and area under the TIC within
the time window (AU-TIC). A brief description of each of the parameters is given in
Table 5.1.
Systematic biopsies were performed following a 12-core protocol in which 4 cores
were taken from each of the basal, middle and apical part of the prostate. In 6 cases,
1 or 2 samples were not taken from the base or apex because of the small size of the
prostate. For each biopsy location, the presence of malignancy and its corresponding
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Figure 5.1: Inclusion flowchart. Protocol violations included excessive probe movement,
wrong scanner settings, and untimely start of the recording. Technical complications encountered were low and inconsistent sample rate and lack of contrast signal.
Table 5.1: Description of parameters obtained from 3D DCE-US recordings.

Parameter

Symbol

TH sign
for mal.

correlation
coherence

r
ρ

>
>

mutual information

I

>

wash-in time

WIT

<

peak intensity

PI

>

WIR
AU-TIC

>
>

wash-in rate
area under the curve

Description
Cross-correlation between neighboring TICs.
Cross-correlation between the frequency
spectra of neighboring TICs.
Mutual information between neighboring
TICs.
Time between the appearance of microbubbles and the peak of a TIC.
Maximum linearized acoustic intensity in a
TIC.
PI divided by WIT.
Area under a linearized TIC within the applied 45-s time window.

TH: threshold; mal.: malignancy; TIC: time-intensity curve.

Gleason score were reported. In two cases, the biopsy report was inconclusive; these
patients were excluded from the study (Fig. 5.1).
Comparison of the parametric maps with the biopsy results was done in a fineto-coarse fashion, much like the validation performed in [J6]. First, validation was
performed per biopsy location, dividing the manually drawn prostate into 12 sections
(Fig. 5.3). To ensure that the analysis was performed on data inside the prostate, a
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Figure 5.2: Example of a parametric map of TIC correlation; (a): 3D parametric map,
(b-d): transversal cross-sections at the base, middle, and apex of the prostate. The 12
sections corresponding to the biopsy locations are shown in black. Gleason scores are written
below each location (B = benign).

5-mm erosion was applied to the prostate boundaries prior to analysis. In addition,
5-mm margins were applied between adjacent sections to prevent correlation between
parameter values caused by the resolution of the parametric maps [J6]. Because the
biopsy needle did not reach tissue deeper than 22 mm, only voxels up to 22 mm
anterior to the tip of the transducer were considered for validation. Any section for
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which the biopsy report was inconclusive was excluded from further analysis.
Within each section, the 90th percentile of each parameter was computed and
compared with the biopsy outcome in that section (test 1). The 90th percentile was
used, because somewhere in a positive section an area with high parameter values
should occur, but not necessarily cover the entire section. For parameters for which
malignancy would result in lower values (based on previous findings [J4]), the 10th
percentile was used. Additionally, since Gleason score is an important prognostic
marker [39], we tested parameters on their ability to differentiate between low grade
(Gleason 6 and 7), and high grade (Gleason 8 to 10).
Subsequently, adjacent sections were combined yielding 6, 3, 2, and 1 section(s)
(Fig. 5.3) (test 2). In this way, misclassification by uncertainty in the precise biopsy
location was partly removed. A section was considered malignant if at least one biopsy
sample within this section had a Gleason score ≥6. Differences between parameter
values in benign and malignant sections were considered to be significant for p < 0.05,
determined by a Wilcoxon rank-sum test. For each parameter, receiver operating
characteristic (ROC) curves were generated. The area under the ROC curve was
computed as a measure of classification performance.
In another test (test 3), the described validation was repeated on the divisions in
3, 2, and 1 sections. However, this time, a section was considered malignant if at
least half of the biopsy cores were malignant and benign if all biopsy cores in it were
benign. As a result, the parameters were tested for detection of larger cancerous areas.
For parameters able to identify PCa, the differences between benign and malignant
sections were expected to grow, resulting in a larger area under the ROC curve.
A last test (test 4) was designed to estimate the sensitivity and specificity of
the best performing parameters. In this test, each biopsy location was classified as
positive or negative following the procedure used in test 1. However, because the
chance of a biopsy core missing a tumor is relatively large, validation was performed
in a left/right and per-prostate analysis (i.e., dividing prostates in 2 and 1 section(s)).
A section was considered benign if all biopsy cores in this section were benign; it was
considered malignant if at least one core was malignant. Nonetheless, if all cores in
a systematic biopsy are negative, there is still a significant chance that a tumor has
been missed [212]. For this reason, we marked a false positive (FP) as “undecided” if
less than 20% of the biopsy locations in a benign section were classified as malignant

Figure 5.3: Division of a prostate in 12, 6, 3, 2, and 1 section(s).
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Table 5.2: Description of parameters obtained from 3D DCE-US recordings
Mean (median; range) age [years]
Mean (median; range) PSA [ng/mL]
No malignant biopsy cores
At least one malignant biopsy core
Highest GS per biopsy [number of patients]
NC
GS unknown
3+3
3+4
4+3
3+5
4+4
5+3
4+5
5+4
5+5

69 (70; 47-81)
23.1 (8.7; 0.3-340.0)
9.8 (7.6; 1.4-21.0)
34.9 (13.8; 0.3-340.0)
43
26
1
3
3
5
1
1
0
0
2
1

NC: no cancer; GS: Gleason score

(i.e., 1 biopsy location for half and 2 for full prostates). Classification thresholds for
the parameters were set to maximize Youden’s index [216].

5.3

Results

Patients and biopsy characteristics are summarized in Table 5.2. In 17 out of 43 patients (40.0%), at least one of the biopsy cores contained malignant tissue. The median
PSA level was higher for patients in which malignancy was found (13.8 ng/mL) than
for patients without malignancy (7.6 ng/mL), although not significantly (p = 0.21).
Malignancy was reported in 76 out of 507 biopsy cores (15.0%). For one biopsy core,
malignancy was reported, but the Gleason score was not specified.
The area under the ROC curve (AU-ROC) and p-value for each of the parameters
tested in the fine-to-coarse validation (test 1 and 2) are presented in Table 5.3. For
each division, r resulted in the highest AU-ROC (0.57-0.67). Differences between
benign and malignant sections were significant for all but one division. Also for ρ and
I, a significant difference was found in one of the divisions. However, their AU-ROC
was much lower than that of r. The best-performing perfusion parameter was WIT
with AU-ROCs between 0.54 and 0.64.
The results of the second fine-to-coarse analysis (test 3) are presented in Table 5.4.
Only for r and WIT, a strong increase in AU-ROC was observed. This result suggests
that r and WIT are the parameters most suitable for discrimination between benign
and malignant tissue.
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Table 5.3: Areas under ROC curves and p-values per parameter for test 1 and 2. In these
tests, malignant sections contain at least 1 malignant biopsy core. Significant differences are
printed in bold font.
12 sections
(77 mal.; 431 ben.)
AU-ROC
p
r
ρ
I
WIT
PI
WIR
AU-TIC

0.65
0.56
0.52
0.64
0.51
0.54
0.49

<0.001
0.045
0.29
<0.001
0.40
0.12
0.65

2 sections
(23 mal.; 64 ben.)
AU-ROC
p
r
ρ
I
WIT
PI
WIR
AU-TIC

0.67
0.58
0.63
0.59
0.50
0.52
0.50

<0.01
0.14
0.036
0.096
0.52
0.37
0.51

6 sections
(50 mal.; 211 ben.)
AU-ROC
p
0.64
0.57
0.53
0.62
0.50
0.53
0.49

<0.001
0.059
0.25
<0.01
0.50
0.21
0.62

3 sections
(36 mal.; 95 ben.)
AU-ROC
p
0.65
0.58
0.59
0.59
0.50
0.51
0.48

<0.01
0.080
0.061
0.055
0.53
0.41
0.63

1 section
(17 mal.; 26 ben.)
AU-ROC
p
0.57
0.52
0.52
0.54
0.39
0.41
0.40

0.22
0.44
0.41
0.35
0.88
0.83
0.85

mal.: malignant; ben.: benign; AU-ROC: area under ROC curve; r: correlation;
ρ: coherence; I: mutual information; WIT: wash-in time; PI: peak intensity;
WIR: wash-in rate; AU-TIC: area under TIC curve.

Figure 5.4 depicts boxplots of the 90th percentile of r and 10th percentile of WIT
for benign, low grade (Gleason 6 or 7), and high grade (Gleason 8-10) biopsy locations.
For r, the mean ± standard deviations were 0.35 ± 0.09, 0.38 ± 0.08, and 0.41 ± 0.07,
respectively. A significant increase in parameter values (p < 0.01) between benign and
low grade biopsy locations was observed. The parameter r increased also for high grade
biopsy locations increased, but this increase was not significant (p = 0.080). A similar
trend (but negative) was found for WIT, whose 10th percentile values for benign, low,
and high grade were 11.2 ± 2.2, 10.5 ± 2.3, and 8.4 ± 3.2, respectively. In this
case, the difference between high and low grade was significant (p < 0.01), but that
between benign and low grade was just insignificant (p = 0.052).
The confusion matrices of the left/right and per-prostate analysis (test 4) for the
two best performing parameters (r and WIT) are given in Table 5.5. Regarding the
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Table 5.4: Areas under the ROC curves and p-values per parameter for test 3. In this
analysis, malignant sections contain ≥50% malignant cores (test 3). Significant differences
are printed in bold font.
3 sections
(21 mal.; 95 ben.)
AU-ROC
p
r
ρ
I
WIT
PI
WIR
AU-TIC

0.72
0.60
0.57
0.69
0.46
0.49
0.43

2 sections
(13 mal.; 64 ben.)
AU-ROC
p

<0.001
0.082
0.14
<0.01
0.72
0.55
0.83

0.75
0.60
0.62
0.66
0.52
0.56
0.52

1 section
(5 mal.; 26 ben.)
AU-ROC
p

<0.01
0.13
0.095
0.035
0.41
0.25
0.49

0.77
0.56
0.58
0.77
0.45
0.51
0.42

<0.032
0.34
0.29
0.032
0.64
0.49
0.71

mal.: malignant; ben.: benign; AU-ROC: area under ROC curve; r: correlation;
ρ: coherence; I: mutual information; WIT: wash-in time; PI: peak intensity;
WIR: wash-in rate; AU-TIC: area under TIC curve.
Table 5.5: Confusion matrix of left/right and per-prostate cancer detection (test 4) for
correlation (r) and wash-in time (WIT).
Left/right
Correlation
Wash-in time
Pos.
Neg.
Pos.
Neg.
Malignant
Benign

15
11

Undecided

9

8
43

11
7
7

12
49

Per-prostate
Correlation
Wash-in time
Pos.
Neg.
Pos.
Neg.
16
11
4

1
11

9
4

8
17

5

Pos.: positive; Neg.: negative.

left/right analysis, the sensitivity (SNS), specificity (SPC), positive predictive value
(PPV), and negative predictive value (NPV) for r were 65%, 80%, 58%, and 84%,
respectively. In the per-prostate analysis these values were 94%, 50%, 59%, and 92%.
Only 1 tumor, with Gleason score 4+3, was missed in this analysis. For WIT, the SNS,
SPC, PPV, and NPV were 57%, 77%, 50%, and 81% in the left/right analysis and
53%, 81%, 69%, 68% in the per-prostate analysis. Using WIT, tumors were missed
in 8 prostates. Their Gleason scores were 3+3 (2), 3+4 (1), 4+3 (3), 3+5 (1), and
5+4 (1).
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Figure 5.4: Boxplots of the 90th percentile values for correlation (a) and the 10th percentile
values for wash-in time (b) in biopsy locations grouped by Gleason grade. Outliers, indicated
by plusses, are defined as points ≥1.5w away from the 25-75% box with w equal to the box
size.

5.4

Discussion

In this study, we investigated whether and which 3D DCE-US parameters could distinguish between benign and malignant prostate tissue. Both r and WIT showed a
significant difference between locations corresponding to benign and malignant cores.
In the left/right and per-prostate analyses, r resulted in a high SNS with acceptable
SPC from a clinical perspective. While r generally shows a higher SNS and NPV,
WIT shows a higher SPC and PPV. Combining the two in a multiparametric approach
could exploit the benefit of both parameters. Moreover, strong indications were found
of a relation between Gleason grade and parameter values of r and WIT, which could
potentially improve risk stratification.
In a recent study by Postema et al., probability maps based on wash-in rate statistics of 2D DCE-US were compared with systematic biopsy [217]. On a per-prostate
basis, a SNS of 73% and a SPC of 58% were reported. These values are in between
the SNS and SPC achieved by r and WIT in the present study. Xie et al. [106] used
qualitative 2D DCE-US to target cores in a 10-core biopsy to suspicious areas in 150
patients. The resulting SNS and SPC stratified per patient were 86% and 56%, respectively. Our study shows that r can achieve comparable SNS and SPC using 3D
DCE-US. Comparison of the performance of 3D DCE-US with that of mpMRI is difficult due to the large range in SNS (68%-94%) and SPC (21%-70%) reported in studies
involving biopsy naive patients [71]. We recommend performing a study applying the
two techniques in the same patient group to evaluate the differences.
The validation methods applied in this study are subject to some limitations.
Firstly, the value of systematic biopsy as a ground truth is limited. There is a large
chance that lesions are missed, decreasing the amount of FNs and TPs, while increasing the amount of FPs and TNs. Although we partly compensated for this effect in the
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last validation by ignoring FPs for which less than 20% of the biopsy locations were
classified as positive, the number of FNs, TPs, and TNs remains biased. Moreover,
AU-ROCs in the per-biopsy analysis have probably been underestimated for parameters able to differentiate between benign and malignant locations. Secondly, because
biopsy was guided by free-hand TRUS, the estimated location of a biopsy core did not
necessarily match its true location. For example, in the parametric map presented in
Fig. 5.2, the tumor was detected, but not all biopsy outcomes matched the parameter
values at their estimated locations individually. The possible misalignment between
true and estimated location complicated the comparison of single cores and was the
primary reason to combine multiple cores. However, the AU-ROCs did not increase for
larger sections. We may hypothesize that small tumors did not have enough influence
on the parameter values in a large region. Consequently, the definition of malignant
sections to have malignancy in at least half of the cores produced an increase in
AU-ROC for r and WIT.
A standard reference for PCa studies is histopathology after radical prostatectomy.
However, the population represented in those studies is strongly biased towards malignancy. The population represented in the biopsy data in this study reflects exactly the
population targeted by quantitative 3D DCE-US as a diagnostic tool. Comparison with
radical prostatectomy could, however, be advantageous to evaluate the ability of the
technique to estimate tumor size and shape, also at anterior sites, and to determine
how many and which tumors are missed.
In the present study, parameter values have been directly compared with biopsy
outcome. The learning curve and inter-observer variability present in clinical practice
have not yet been accounted for and should be investigated in future studies. We
recommend comparing systematic and 3D DCE-US targeted biopsy.

5.5

Conclusion

Quantitative analysis of 3D DCE-US can be used to distinguish between benign and
malignant tissue. In particular, for wash-in time and CUDI by TIC correlation, a
relation between parameter value and biopsy outcome was proven. In addition, their
parameter values seem to be related to Gleason grade, although further studies are
required to confirm this finding. We recommend future investigation of quantitative
3D DCE-US for guidance of targeted biopsies as a possible alternative or addition to
mpMRI.

Chapter
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Interpolating histopathologic data
from sliced RP specimens
The content of this chapter has been submitted for publication as [J1]:
R.R. Wildeboer, S.G. Schalk, L. Demi, M.P.J. Kuenen, H. Wijkstra, and M. Mischi,
“Tumour interpolation and three-dimensional reconstruction of radical prostatectomy
specimens after histopathologic examination,” Acad. Radiol.
The work presented in this chapter was carried out in the framework of the
IMPULS2 program as a collaboration between Eindhoven University of Technology
and Philips Research.
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Abstract
Rationale and Objectives: To validate new imaging modalities for prostate
cancer, images must be three-dimensionally correlated with the histological ground
truth. In this work, an interpolation algorithm is described to construct a reliable
three-dimensional reference from two-dimensional histological slices. Furthermore,
the errors introduced during standard pathological procedures are quantified.
Materials and Methods: Eight clinically relevant in-silico phantoms were designed
to represent difficult-to-reconstruct tumor structures. These phantoms were subjected
to different slicing procedures. Additionally, controlled errors were added to investigate
the impact of varying slicing distance, front-face orientation, and inter-slice misalignment on the reconstruction performance. Using a radial-basis-function interpolation
algorithm, the two-dimensional data were reconstructed in three dimensions. The
accuracy of reconstruction was quantified by the fractional volume difference, the
distance between the surfaces of the reconstruction and original phantom, and the
Dice coefficient.
Results: Our results demonstrate that slice thicknesses up to 4 mm can be used
to reliably reconstruct tumors of clinically significant size; the surfaces lay within a
1.5-mm 90%-error margin from each other and the volume difference between the
original tumor structure and reconstruction does not exceed 10%. Dice coefficients
above 0.85 are preserved.
Conclusion: The presented interpolation algorithm is able to reconstruct clinically
significant tumor structures from two-dimensional histology slices. Errors occurring
are in the order of magnitude of common registration artifacts. An inter-slice spacing
of 4 mm or less is recommended during histopathology; the use of a 1.5-mm error
margin along the tumor contours can then ensure reliable mapping of the ground
truth.

Introduction

6.1
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Introduction

Imaging of prostate cancer (PCa) is still a challenge. The latest figures show that PCa
is the malignancy with the highest incidence and second-highest number of deaths
among Western men [218,219]. Needle biopsy is currently the only method to confirm
PCa, but this technique is associated with complications [220] and underdiagnosis
due to (aggressive) foci being missed [221]. However, a large fraction of prostatic
malignancies are expected to remain clinically insignificant during the patient’s lifetime
[51]. Hence, there is a substantial clinical demand to develop imaging strategies that
are sufficiently accurate to target or even avoid biopsy, and to apply tissue-preserving
focal therapy.
In recent years, several magnetic resonance (MR) and ultrasound (US) modalities
have been investigated for targeted biopsy, among which multiparametric MR imaging
and contrast-enhanced US [222]. In focal therapy, imaging is not only important for
localizing the malignancy, but also in risk stratification and to identify insignificant
lesions that do not require treatment [223]. The most recent guidelines on focal
therapy and trial design indicate that imaging is of vital importance for treatment
planning [224, 225]. Moreover, minimally-invasive monitoring methods are required
for follow-up after treatment. However, to validate these techniques it is crucial to
accurately correlate the images with ground truth information from histopathology.
Histopathology involves the examination of prostate tissue after biopsy or the removal of the gland (radical prostatectomy, RP). During the histopathologic procedure
after RP, the specimen is usually fixated by immersion in formalin, deprived of the
seminal vesicles, and sliced [139]. After the microscopic examination and marking of
malignant areas by the pathologist, the slices are digitized. These slices serve as gold
standard for distinction between malignant and benign tissue, and allow the pathologist to determine the definitive tumor grade, size, and type [139]. Usually also the
tumor volume is assessed, but due to the lack of a simple measurement method it is
generally expressed as a percentage of the entire prostate volume [226, 227].
Since images and histology slices are in general not aligned, correlating the two is
a complicated task. Moreover, whereas MR images are spaced in a parallel fashion,
transrectal US imaging planes may differ in orientation, especially towards basis and
apex [228],[J5]. The registration process (i.e., the mapping of each location in the RP
specimen to the image) is therefore a three-dimensional (3D) problem.
Registration is also important because of the prostate deformations that occur after resection. Comparing in-vivo with ex-vivo MR acquisitions, Orzcyk et al. found
that prostates shrink on average by 19.5% [229]. This is most likely caused by the loss
of vascular pressure and the absence of in-body connective tissue. The shrinkage is
not homogeneously distributed; in particular, the ratio between the anterior-posterior
and left-right dimensions decreases after RP. Deformations may also occur as a consequence of the handling of the specimen during fixation and slicing [230]. Furthermore,
the shape of the in-vivo prostate during imaging might be altered by the pressure
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applied to the prostate because of the use of an endorectal coil in MR imaging [231]
or a transrectal probe in US [J5].
Many 3D registration methods have been developed for a reliable matching between
image data and histopathology. This usually involves the use of landmarks that are
manually chosen [151], automatically identified [232], or added after resection [152,
233]. Sometimes ex-vivo MR [149, 152, 233, 234] or elastographic MR images [235]
are obtained to facilitate the registration to in-vivo MR. Alternatively, registration
approaches make use of 3D-printed molds based on 3D imaging [150, 153] or the
surface contours of both histology and imaging [J5]. Reported registration errors are
generally in the order of millimeters.
The accuracy of the validation, however, does not only depend on the ability of
the registration algorithm to accurately restore the in-vivo prostate shape. In the first
place, it relies on the ability to reliably reconstruct and digitize the histopathologically
examined RP specimen. Almost all registration techniques require a 3D model of
the histology slices [149, 151, 153, 234],[J5]. For the model reconstruction, the tumor
contours have to be interpolated to form 3D structures. In other words, based on the
two-dimensional (2D) slices, the entire tumor shape has to be estimated. In all of
these steps – slicing, alignment, and tumor interpolation – errors are introduced that
complicate the validity of this ground truth.
Figure 6.1a-c depicts the type of errors occurring during the slicing procedure.
Firstly, the sectioning process introduces variations with respect to the inter-slice distance and front-face orientation (i.e., the angle of the slicing plane with respect to the
longitudinal axis of the specimen). Gibson et al. observed these to be distributed with
standard deviations of 0.5 mm and 1.1° for a 4.4-mm tissue cutting procedure [236].
In a later study, standard deviations of 0.4 mm and 0.9° were found [237]. Ward et
al. reported a standard deviation of only 0.2 mm for the same slice thickness [152].
Many devices have been developed to standardize the slicing procedure and minimize
the errors [230]. However, 88% of the European pathologists cut the RP specimens
free-hand [238].
After slicing, the slices have to be re-aligned three-dimensionally [see Fig. 6.1(d)].
This is usually performed based on block-face photographs (i.e., photos of the RP
specimen’s front face during slicing) (e.g., [149, 237]). Alignment can also be done
using intensity matching of the slices, for example by using mutual information (e.g.,
[239]). Due to the loss of similarity between slices, however, this method is generally
not usable for inter-slice spacings of more than 1 mm [228]. Also the use of natural
features such as prostate contours, urethra, or ejaculatory ducts suffers from limited
information redundancy and, moreover, most structures are not present in all slices
[228]. Lastly, some groups use fiducial markers (sometimes in combination with exvivo MR imaging) to find the original alignment [154, 228, 240]. Although very small
errors are reported, this approach is laborious and might deteriorate the specimen.
The most common method, still, is manual alignment of the histological slices [148],
which introduces significantly more errors than a controlled workflow [241].
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Figure 6.1: Introduction of errors during the slicing procedure of the radical prostatectomy specimen (in apex-base vs anterior-posterior view): (a) ideal case with equally-spaced,
perfectly-aligned, parallel slices; (b) parallel slices of varying slice thickness; (c) equally-spaced
slices of varying orientation; (d) equally-spaced and parallel slices that are misaligned.

For the 3D reconstruction of prostatic malignancy from the 2D slices, the interpolation algorithms reported in the literature range from sparsely stacking the histological
data imposed on the photos [149], or simply extrapolating the tumor contour over the
entire slice thickness [242,243], to spline interpolations of the edges [154]. Many other
2D contour-based surface-reconstruction algorithms are designed for medical purposes
and might be applied to prostate cancer (e.g., [244–248]). The best choice for interpolation depends on the application, the reliability of the input, and the accuracy
required. The need for a smooth interpolation instead of a step-wise approach is often
mentioned [154, 249], as well as the list of assumptions underlying 3D modeling (e.g.,
about slice deformation, parallelity, and location) [237]. Moreover, actual 3D tumor
models are very difficult to validate due to the lack of a 3D ground truth.
In this paper, we present a method to reconstruct the geometrical tumor structures
in 3D based on 2D histopathological data. Furthermore, the reconstruction errors
caused by the settings and inaccuracies of the slicing procedure are quantified. To this
end, we simulate the slicing procedure and compare the result of interpolation with
RP phantoms representing a wide range of clinically relevant tumor shapes.

6.2

Materials and methods

6.2.1

Histopathologic procedure

A regular prostatic pathologic examination as described in Montironi et al. is assumed
[139]. In brief, the procedure involves the (a) weighting and sizing of the specimen;
(b) inking of the surface to distinguish left and right; (c) (possibly) fixation by 10%
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neutral-buffered formalin buffer injections; (d) immersion in 300 to 400 mL of formalin
for 24 h; and (e) sectioning by removing the seminal vesicles, dissecting the apical and
basal parts and step-slicing the rest of the prostate in ≈4 mm sections perpendicular
to the apex-base axis. After the sectioning procedure, (f) the slices are post-fixed for
24 h; (g) front-face sections are stained and (h) histologically examined as 5-µm thick
slices, either whole-mount or in quadrants. Subsequently, the pathologist prepares the
histological slices and draws contours around the malignant areas on each section.
These contour data are digitized and properly aligned with respect to each other.

6.2.2

Interpolation approach

The tumor interpolation and reconstruction algorithms were implemented in MATLAB
(MathWorks 2015b, Natick, MA). The program retrieves the digital 2D contours and
then consecutively (Step 1) places them in 3D space; (Step 2) determines which
contours are likely to belong to the same lesion along several slices; (Step 3) estimates
enclosing points above or below the contours that are not connected to a contour
in an adjacent slice; (Step 4) computes the distance points indicating the surface of
each lesion using the surface normal vectors; (Step 5) interpolates the points to form
a distance map using radial basis functions (RBFs) and (Step 6) constructs the lesion
surfaces at zero-distances.
Step 1: Positioning of histological data
The 2D contours of the tumor as determined during the histopathological examination, which have been aligned in the x, y-plane (transverse plane), are placed a slice
thickness, dsl , apart in the z-direction (longitudinal direction).
Step 2: Identification of independent lesions
Prostatic malignancies are known to be diverse and multifocal [139, 243, 250]. Therefore, it is important to determine whether contours in the histology set belong to the
same lesion, or to two independent lesions. In the literature, different criterions are
used to select the contours that are to be connected in the interpolation process: for
example, Rojas et al. used a heuristic <5 mm distance between the contours [240] and
Erbersdobler et al. defined <3 mm [251]. In this work, the maximum inter-contour
distance is dependent on the used slice thickness. More specifically, it is defined that
contour Γk is connected to contour Γl if Γl is in an adjacent slice and if at least one
√
point on the area of Γl is located within a distance dsl of the area of Γk in the
x, y-plane.
This criterion allows us to compute a square matrix M of which each row and
column represent a specific contour; a value of 1 is appointed to elements where
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Figure 6.2: Intermediate steps of interpolation: (a) connected contours (in blue) with top
and bottom points (in red) and outward pointing normal vectors; (b) distance map point cloud
with on-surface points depicted in blue, inner off-surface points in red and outer off-surface
points in green; (c) surface plot of the RBF interpolation.

contour Γk is connected to contour Γl , and a value of 0 where they are not:
(
√
1 if min(kΓk (i) − Γl (j)k) < d
M(k, l) =
0 otherwise.

(6.1)

Here, kΓk (i) − Γl (j)k is the Euclidean distance between point i on the area of contour
Γk and point j on the area of contour Γl . Based on the connection matrix M, labels
are assigned to all groups of interconnected contours. The number of labels represents
the number of separate lesions that will be considered for interpolation individually. In
Fig. 6.2(a), a typical set of contours forming one lesion is depicted.
Step 3: Definition of tops and bottoms
Once the labels are assigned, the solid-tumor boundaries are defined by a specific set
of 2D contours. The top and bottom of the structures, however, are not considered to
be flat. Therefore, additional top and bottom points are positioned under and above
the lowest and upper contour, respectively.
For small contours, these top and bottom points are placed at the center of mass
of the adjacent contour Γ, half the slice thickness dsl away. This is based on the
assumption that, in the absence of more information, lesions probably reach half the
distance between the contour and the next, empty slice.
Heuristically, if the average distance between the points on Γ and its center of
mass differ by more than 1 mm, the contours are divided in ncl different k-means
clusters for which top or bottom points are added in their center of mass at dsl /4.
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This number ncl depends on the standard deviation (σ) in distances to the center of
mass via the heuristic expression ncl = 1 + p3σ/2q. These additional points are also
visible in Fig. 6.2(a).
Step 4: Definition of seed points using surface normal vectors
Each tumor structure is now enclosed by its contours and top and bottom points. This
can be viewed as a 3D point cloud defining the lesion’s surface. Following the method
described by Carr et al. [1] and used by [252,253], it is possible to reconstruct the outer
surface of the prostate by RBF interpolation. We refer to [1] for the mathematical
foundations of the algorithm.
The interpolation algorithm does not only require the points on the surface (onsurface points) as input, but also points at a certain distance from the surface (offsurface points). More specifically, it has been shown that the problem is more straightforward to solve when two off-surface points are defined on either side of each onsurface point. Points inside of the structure are marked with its negative distance to
the surface, whereas points on the outside have a positive distance value. Generating
such a set of distance points is a critical task, given the wide range of complex contour
shapes. In the presented method, given the contour shapes encountered, it was possible to reduce the number of points on the contour circumference to one point every
≈1 mm in order to reduce the computation time. In our case, this meant a reduction
by 5/6.
Considering the typical dimensions of PCa lesions, off-surface points are added at
approximately 1 mm on either side of the surface as shown in Fig. 6.2(b). Their positions are computed using the normal vectors in the contour plane. It is not uncommon
to encounter contours of which the center of mass is located outside the tumor area;
therefore, their outward direction is verified by calculating the number of intersections
between the normal line and the contour: an odd number of intersections in the direction of the normal vector cannot occur. For all top and bottom points that are added
in the previous step, the normal vectors will point in the outward longitudinal direction
[see Fig. 6.2(a)]. Since these 1-mm distances must not intersect other parts of the
contour, the algorithm might fail in reconstructing contours that have very sharp edges
or lie in a close range to each other. In these rare cases, the distance settings should
be adjusted.
Step 5: Interpolation by radial basis functions
Based on the set of distance points, the interpolation algorithm is used to compute
a so-called 3D distance map. In this map, the distance to the lesion’s surface at any
location can be found. In order to create a smooth distance map, each distance point
is allowed to deviate from its original value. The extent of this deviation is controlled
by a smoothing parameter, ρ, which is heuristically set to 0.001 [1].
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Step 6: Isosurfacing of the distance map
Since the distance map contains the interpolated distance to the lesion’s surface at
every location, the shape of the lesion is now defined by all locations at which the map
is equal to zero. An example of the interpolation result is shown in Fig. 6.2(c).

6.2.3

In-silico phantoms

In order to quantify the interpolation errors, the entire slicing and reconstruction
process was simulated using digital phantoms. This does not only solve the absence
of a 3D ground truth volume in vivo and in vitro, but it also enabled us to separately
study the effects of variations in slice thickness, front-face orientation, and alignment.
Furthermore, it allows many different experiments on a single phantom. Obviously,
it is of paramount importance that the phantom designs represent the spectrum of
frequently encountered PCa shapes as well as possible.
Over the years, several distribution maps have been created that show that PCa is
most often found in the peripheral zone (74%) and, therefore, in the lower, posterior
regions of the prostate [240, 243, 250, 254]. Lesions often have predictable smooth
shapes, especially since small lesions are known to spread along the prostatic and
zonal boundaries (94%) [243]. Most lesions of more than 1 mL in volume (83%) are
found to be roughly diamond-shaped in longitudinal (apex-base) direction [243].
A large majority (83%) of the RP specimens exhibits multiple foci [250]. In these
cases, the non-index (i.e., not largest) PCa foci most often (69%) occur on the opposite
side of the index-tumor [243]. Furthermore, transition-zone tumors are almost always
associated with well differentiated peripheral index tumors [250]. In general, the index
lesion determines the prognosis [223].
Typically, PCa lesions of >0.5 mL are considered clinically significant [223, 243].
It was found by Frimmel et al. that the tumor volume in resected prostates is, on
average, 3.67 mL. Based on their volume, the lesions were subdivided in small (0.3
to 1.6 mL), medium (1.6 to 3.6 mL) and large (3.8 to 36.2 mL) tumors [254]. In
this work, the focus is on the small and medium-sized structures, because small foci
are most frequently found [250]. Moreover, large tumors are more easily interpolated
because they appear in more histological slices and slicing errors are relatively small
compared to their size.
With the aim of representing clinically relevant shapes, we designed eight different
tumor structures that are generally difficult to interpolate (see Fig. 6.3). Phantom A1
(total tumor volume of 2.1 mL) consists of four spheres of 10 mm in diameter, representing the most confined shape of clinically significant size (0.5 mL). Phantoms A2
(1.1 mL) and A3 (0.44 mL) contain the same architecture of spheres with sub-clinically
relevant diameters of 8 mm and 6 mm, respectively. Phantom B (3.4 mL) consists
of two independent lesions of significant size that are more than 3 mm but less than
5 mm apart; this is the smallest significant gap for which two tumors are considered
independent [251]. Phantom C (1.7 mL) consists of two similarly-sized structures
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Figure 6.3: Depiction of the 3D prostate-tumor phantoms used in this work. All phantoms
have a 24×17×20-mm radii ellipsoid prostate boundary. (A1-3) consist of four spherical
lesions with a radius of 5, 4, and 3 mm, respectively; (B) represents two clinically relevant
tumor foci with a gap of less than 5 mm in between; (C) contains two tumor foci with
different orientation with respect to the longitudinal plane; (D) consists of two semi-toroid
structures; (E) harbors a semi-toroid with another structure in between; (F) contains a single
structure with a hole.

of which one is oriented along the slicing direction and the other one is oriented in
the transverse plane. Since both structures are slightly tilted, errors occurring due to
the “shear effect” are elegantly shown. This effect indicates the inability to identify
ill-alignment in interpolating 2D-slices [228]. Phantom D (3.3 mL) harbors two semitoroid structures that appear as two separate contours in some slices, whereas they are
joined in others. Phantom E (2.6 mL) contains similar structures, but now another
unconnected structure is added. Lastly, phantom F (3.0 mL) shows a single tumor
structure with a hole. These last three phantoms verify the validity of the decision
rule in connecting contours [240].
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Figure 6.4: Virtual slicing procedure; (a) slicing of the digital phantom (6 mm); (b) simulated
histological slices; (c) resulting reconstruction of the original phantom based on the slices.

Prostate outlines were added to the phantoms in order to show how the tumor
dimensions relate to the size of a typical prostate. It concerns an ellipsoid shape of
48 mm, 34.2 mm, and 40 mm along the main axes. After triangulation, the structure
has a volume of 31.9 mL, which is equal to the average volume of RP specimens [254].

6.2.4

Validation and quantification

The phantoms depicted in Fig. 6.3 underwent a virtual slicing procedure by computing
the cross-sections of the phantom with planes that were positioned a slice thickness
dsl apart in the longitudinal (z) direction. For each simulation, these locations were
all randomly displaced according to a normal distribution with a standard deviation
of 0.5 mm, that is, the largest reported in the literature [236]. In order to quantify
the effect of misorientation, the planes were placed under an angle 0 ± αstd ° around
to the y-axis. The errors resulting from misalignments were assessed by random
displacements 0 ± wstd mm in the x- and y-directions. Subsequently, the phantom
contours were extracted, interpolated, and reconstructed assuming a perfect slicing
procedure with the given slice thickness (i.e., no displacements, misorientation, and
misalignments). An example of a slicing and reconstruction procedure is shown in
Fig. 6.4.
Each simulation sequence was executed 15 times to show the effect of the randomness and to rule out incidental findings. Simulations in which the interpolation
algorithm failed to find a closed solution were excluded (<4%). To assess the quality of the reconstruction, the fractional volume difference (FVD) was calculated: the
volume difference between reconstruction (Vrec ) and original phantom (Vref ) as a
fraction of the original phantom volume:
FVD = (|Vrec |v − |Vref |v )/|Vref |v .

(6.2)

in which |V|v represents the volume of V.
In addition, the reconstruction errors were quantified by the distance between the
outer surface of the original phantom and that of the reconstruction along the original
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Figure 6.5: Mean fractional volume difference (FVD), 90th percentile value of the error
distance and Dice coefficient of 15 sectioning simulations of Phantom A1-F versus the slice
distance dsl ± 0.5 mm. The error bars indicate the standard deviation among the results.

point’s normal vector. More specifically, the 90th percentile of the reconstruction errors
are mentioned. This means that 90% of the points on the original surface and the
corresponding reconstruction surface are within an error margin of the given value.
Lastly, the overlap between reference and reconstruction was studied using the
Dice coefficient (SD ), which defines the relative volume shared by reconstruction and
reference as follows [234]:
SD = 2(|Vrec ∩ Vref |v )/(|Vrec |v + |Vref |v ).

6.3
6.3.1

(6.3)

Results
Slice thickness

Figure 6.5 depicts the interpolation performance versus the slice thickness
dsl ± 0.5 mm. It is observed that, for slice thickness up to 4 mm, the means and standard deviations of the performance measures stay virtually constant. They exhibit error
margins below 1.5 mm, FVD within 10% from baseline, and Dice coefficient above
0.85 (see gray regions). Some tumor designs appear to be generally more difficult to
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interpolate. From slice thicknesses >4 mm, the performance measures and standard
deviations degrade rapidly and are less predictable. This is because the position of
the slices with respect to the tumor structure is increasingly important; for example, a
small deviation in an 8-mm slicing sequence might lead to missing entire tumor foci.

6.3.2

Slice orientation

To quantify the effect of non-parallel slicing, the angle of the transversal cross-sections
in a 4-mm equidistant slicing sequence was randomly adjusted by 0 ± αstd ° around
the y-axis. In Fig. 6.6, it is shown that an increasing αstd does not result in a large
difference in means with respect to the parallel sequence, but it affects the standard
deviations of the results. This is due to an equal probability of cross-sections appearing
somewhat larger or somewhat smaller than they should.

Figure 6.6: Mean fractional volume difference (FVD), 90th percentile value of the error
distance and Dice coefficient of 15 sectioning simulations of Phantom A1-F with 4-mm slices
oriented under an angle of 0 ± αstd ° as function of the standard deviation. The error bars
indicate the standard deviation among the results.
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Figure 6.7: Mean fractional volume difference (FVD), 90th percentile value of the error
distance and Dice coefficient of 15 sectioning simulations of Phantom A1-F with parallel
4-mm slices that are misaligned in the transverse plane by ∆x = ∆y = 0 ± wstd mm
as function of the misalignment standard deviation. The error bars indicate the standard
deviation among the results.

6.3.3

Slice alignment

The interpolation requires the 2D contours to be spatially aligned in 3D in order to
reconstruct the original shape. Due to the sparsity of the data in the longitudinal
direction, misalignment is a recurring problem in 3D reconstruction which is difficult
to identify or avoid without additional information. As can be seen in Fig. 6.7, displacements of 0 ± wstd mm in the x, y-plane affect the Dice coefficient to a larger
extent than the other performance measures. This is because reconstructed structures
may maintain their original shape and volume, while shifting from the original position.
Random misalignment of more than 1.5 mm introduces large performance drops.

6.3.4

Tumor size

Considering only the spherical phantoms (A1-A3), roughly the same effects as for the
other designs are seen. It becomes clear from Fig. 6.8 that the errors are generally
largest for the smallest lesions, as well as the variety (standard deviations) in their
results. Therefore, sub-clinically relevant structures smaller than 0.25 mL are not
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Figure 6.8: Mean fractional volume difference (FVD), 90th percentile value of the error
distance (90th P%), and Dice coefficient of 15 sectioning simulations of Phantom A1-A3 with
(a) parallel slicing distances of dsl ± 0.5 mm, (b) 4-mm slicing under an angle 0 ± αstd °,
and (c) misalignments in the transverse plane by ∆x = ∆y = 0 ± wstd mm.

expected to be well interpolated for large inter-slice spacings of ≥4 mm.

6.4

Discussion

Because of the demand for imaging validation and the development of 3D imaging
modalities, an accurate 3D model from the RP specimen becomes increasingly important. Nowadays, validation with histopathology is performed by matching 2D imaging
planes with corresponding 2D histological slices, or by registration of the 3D volumes [148]. Because histological slices and imaging planes cannot be considered to be
completely overlapping and aligned, the second approach is favorable, provided that
the 3D reconstruction is sufficiently accurate.
In this work, we described and tested a RBF-based algorithm to reconstruct the
tumor structures from a series of 2D histopathologic slices. Using in-silico phantoms representing frequently encountered tumor structures, we demonstrated that
slice thicknesses up to 4 mm can be used to reconstruct tumors of clinically significant
size with an appreciable accuracy; the surfaces deviate within a 1.5 mm 90%-error
margin, the volume difference between reference and reconstruction does not exceed
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10%, and a Dice coefficient above 0.85 is maintained.
This study was performed in silico, as it enabled us to repeat the slicing procedure
with different values and ensured a valid ground truth. This way, it was possible to
rule out incidental findings caused by fortunate or unfortunate positioning of the slices
with respect to the lesions. Preferably, the tumor appears in as many cross-sections as
possible, so that the overall tumor shape is best represented. Since the tumor shape
is not known beforehand, the suitability of the set of contours depends on the initial
slicing location. It should therefore be noted that there is an intrinsic variation in the
outcomes of every slicing procedure.
A limitation of the procedure is that the occurrence of errors was simulated as a
random process. Depending on the details of the histopathology procedure, systematic
errors can be expected in slicing and alignment. For example, one might find the
standard deviation of the angle to be dependent on slice thickness or location in the
prostate. However, when making use of cutting devices, this error remains constant.
Also the slicing direction (i.e., apex-base or vice versa) might have an influence; due
to the cumulative errors in slice thickness, the location of the first slice could be more
accurate than the last one. Furthermore, it was observed that slicing itself might
introduce tears, deformations and inconsistencies that are not modeled here [230].
Since the algorithm uses criteria regarding inter-contour connection and top and
bottom heights, the procedure can be optimized to best suit the evaluation at hand.
The false positive or false negative volumes can be reduced by using a more conservative or loose decision rule, respectively. Ultimately, more elaborate and robust decision
rules can be devised that take into account the lesion volumes and contour shapes.
Since 4-mm slicing distances were found to be sufficient, the algorithm does not
require the pathologist to perform a more elaborate and laborious protocol for the
histological examination. Furthermore, although the computation time for interpolation depends on the number of contours and data points, the reconstruction generally
takes around 1-2 min (using one core on a 3.40-GHz quad-core processor personal
computer).
Whereas slight deviations in front-face angle did not substantially alter the reconstruction for clinically significant PCa lesions, the inter-slice misalignment significantly
affected the interpolation performance. This underlines the need for an alignment
strategy such as the use of fiducial markers or block-face photographs. Recent alignment strategies have shown to reduce misalignment distances to 0.6 mm [228].
It was demonstrated that the errors made in tumor interpolation are in the same
order of magnitude as the registration errors (e.g., 1.1 mm [152], 0.71 mm [233],
2-3 mm [151], 0.82 mm [232], 2.26-3.74 mm [149], 3.1 mm [235], 1.5-2.1 mm [J5]).
Nevertheless, the total error in matching histopathologically-confirmed tumor structures with images is not simply an addition of these errors. Especially in elastic
registration, the registration process might even compensate for misalignments in interpolation. Since tumors tend to spread along the prostatic capsule [243], especially
surface-based registration algorithms could correct tumor misalignments. In any case,
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the quantified errors of this study indicate that caution should be taken in interpreting
the histopathological data within 1.5 mm from delineated borders of areas marked as
malignant.
Despite some debate, the total tumor volume is generally regarded as a valuable
prognostic marker [226, 227], particularly for biochemical recurrence after RP [255].
Current protocols include extensive stereological methods to estimate the volume, but
these methods have some well-known limitations in labor and time involved [227]. The
presented interpolation method is found to estimate the volumes with less than 10%
offset for the average standard histopathology protocol.
Furthermore, the technique is not limited to the prostate alone and might be used
for other small organs, in particular those that do not have usable internal natural
markers. Similar reconstruction protocols have been developed for the (animal) brain
[246]. However, the optimal slicing thickness, location of seed points and decision
rules should be tailored to the dimensions and requirements of that organ.
In conclusion, we presented a 3D interpolation algorithm that is able to reconstruct
PCa tumor structures based on 2D histopathologic slices. It was demonstrated that an
inter-slice distance up to 4 mm permits reliable use of 3D histology as gold standard.
A good reconstruction of the 3D tumor shape enables the validation of cancerous
representation in novel imaging modalities with high precision. With accurate tumor
localization, the validation is no longer limited to large tumors or quadrants. More
patients may be enrolled in studies when tumors of all shapes and sizes can be reliably
used for validation, increasing the statistical outcomes of the validation.
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Chapter

7

3D registration of prostate data from
histology and ultrasound
The content of this chapter has been published as [J5]:
S.G. Schalk, A.W. Postema, T.A. Saidov, L. Demi, M. Smeenge,
J.J.M.C.H. de la Rosette, H. Wijkstra, and M. Mischi, “3D surface-based registration of ultrasound and histology in prostate cancer imaging,” Comput. Med.
Imaging Graph., vol. 47, pp. 29-39, 2016. © 2015, Elsevier.
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Abstract
Several transrectal ultrasound (TRUS)-based techniques aiming at accurate localization of prostate cancer are emerging to improve diagnostics or to assist with focal
therapy. However, precise validation prior to introduction into clinical practice is required. Histopathology after radical prostatectomy provides an excellent ground truth,
but needs accurate registration with imaging. In this work, a 3D, surface-based, elastic
registration method was developed to fuse TRUS images with histopathologic results.
To maximize the applicability in clinical practice, no auxiliary sensors or dedicated
hardware were used for the registration. The mean registration errors measured in
vitro and in vivo were 1.5 ± 0.2 and 2.1 ± 0.5 mm, respectively.
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Introduction

Prostate cancer (PCa) is the type of cancer with the highest incidence and second
highest mortality among males in the United States [159]. Despite the statistics of this
cancer type, the main diagnostic technique, systematic biopsy, has major drawbacks.
Firstly, being invasive, it can cause infections and hematuria [28]. Secondly, tumors
can be missed by the biopsy needle [256], resulting in poor sensitivity of this diagnostic
tool. Thirdly, tumors can be undergraded when the more aggressive region of a tumor
is missed [41], leading to undertreatment. Moreover, because of the lack of reliable
localization methods, PCa is often overtreated out of precautionary considerations
[51, 257], increasing risk of urinary incontinence and impotence [51].
To overcome these limitations, several methods aiming at non-invasive PCa localization are currently under development. Determining the exact location of PCa
would decrease the number of biopsies and the chance of missing cancerous tissue
by use of targeted biopsies [258]. In addition, it can enable imaging-targeted focal
therapy as a treatment option [258, 259]. Currently, most studies involving PCa localization are based on magnetic resonance (MR) imaging [66, 168, 260]. However, studies using transrectal ultrasound (TRUS)-based methods – such as computer-assisted
TRUS [75, 261], (shear-wave) elastography [83, 97, 99, 198], and dynamic contrastenhanced ultrasound [217],[J6] – also show promising results. TRUS has the advantages over MR of being less expensive, widely used for targeting biopsies, and directly
applicable by urologists.
Because of the lack of a medical imaging modality revealing the exact location of
cancerous tissue in the prostate, histopathologic analysis after radical prostatectomy
(RP, excision of the prostate) is frequently used as a gold standard for validation of
new imaging techniques [132, 141, 143, 168, 262, 263]. Usually, the excised prostate is
sectioned into 3- to 4-mm-thick slices, after which the separate slices are compared with
the images used for PCa localization [140]. However, due to the different orientation of
the imaging planes and the histology slices, one image could span multiple histology
planes. Deformation of the prostate caused by pressure from transrectal probe or
due to surgery and preparation for histopathologic analysis can further complicate
accurate validation. Moreover, the histology slice corresponding to the image has to
be manually selected, endangering the objectivity of the validation. A 3-dimensional
(3D) registration method could assist in making an objective and accurate comparison
between the PCa imaging technique and the gold standard.
Extensive work has already been done on in-vivo MR-pathology mapping of the
prostate, which is a challenging task, because of the deformation due to surgery and
to preparation of the tissue for histologic analysis. In some methods [146, 147], the
histology slices corresponding to the MR slices are manually selected after which 2D
registration is applied. In another approach [148], the algorithm tries to find the
corresponding slices automatically prior to their registration. However, in TRUS, the
histology slices are typically not aligned with the imaging planes.
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In other studies, fiducial markers [151, 152], manually outlined natural landmarks
[151], and a 3D-printed mold of the prostate [150, 153, 262] were used to assist with
the registration. Some researchers [149, 152] used ex-vivo MR images to break down
the registration into smaller steps. Although improving the registration accuracy, the
extra steps could conflict with the clinical workflow in most hospitals.
In contrast to MR-histology registration, only few research groups have made attempts to register prostate ultrasound (US) imaging with histology. Taylor et al. [154]
implemented a semi-automatic 6-degrees-of-freedom (DOF) rigid body registration algorithm to match the surface of an excised prostate imaged by US with the surface
of the same prostate after fixation for histology. The registration was used for validation of a cancer detection method using sonoelastography. However, the registration
accuracy was estimated completely ex vivo. In [155], the authors described a method
for elastic registration of a prostate recorded by in-vivo TRUS imaging and histology.
An ellipsoid fit and the position of the urethra were used to align the images by affine
transformation, but no information on the registration error was given. Recently, a
technique was proposed in [156] to jointly align histology slices to intra-operative 3D
US by affine transformations using particle filtering. Again, except for the area overlap
between the registered histology slices and the corresponding cross-sections in US, no
information was provided on the accuracy of the method.
This paper describes a new method to elastically register TRUS and histology in
3D for validation or training of TRUS-based PCa imaging techniques. TRUS-histology
registration is a challenging task for reasons concerning both TRUS and histology. The
main challenges concerning TRUS are summarized below:
• the orientations of the TRUS imaging planes are unknown without use of additional sensors;
• usually, no reliable natural landmarks are visible in both TRUS imaging and
histology to assist with the registration;
• introduction of the transrectal probe causes a local posterior deformation,
whereas these are the biggest obstacles concerning histology:
• for histological analysis, the prostate is cut into 3- to 4-mm-thick slices, providing
poor resolution in that direction;
• after excision, the prostate is relieved from pressure caused by surrounding organs
and tissue, resulting in a deformation;
• fixation of the prostate after RP causes a volume decrease [144].
To avoid the need of landmarks or a high level of detail, which are lacking in
B-mode TRUS, the method presented here is surface-based, requiring prostate shape
information only. Both the affine and local deformations of the prostate as a result
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of the probe pressure and deformation after excision are taken into account. Apart
from acquiring the prostate shapes, no manual intervention is required during the
registration process. Moreover, being independent of the underlying imaging modality, application of the method in validation of PCa imaging techniques using other
modalities (e.g., MR or CT) could be a feasible option.
In other work related to surface-based, elastic registration of prostates, Crouch et
al. [264] estimated boundary displacements by minimizing deformation energy. After
that, a uniform nearly-incompressible material with linear elasticity was assumed to
estimate internal deformation. Lee et al. [265] developed a technique for a joint
estimation of elasticity and deformation of organs and tested it on ten prostates.
Parameters describing the mechanical properties and forces acting on the boundary of
the prostate were optimized through minimization of the distance between the prostate
surfaces to register.
The method presented in this paper does not rely on the underlying patient-specific
mechanical properties, which may be difficult to determine during an examination and
may change during the fixation process as part of the preparation for histopathologic
analysis. Moreover, values for Young’s modulus of prostate tissue found in literature
vary in order from 10 to 100 kPa [266–270]; additionally, varying values of stiffness
among different prostate zones were reported [266]. For these reasons, internal deformation is estimated based on shape difference only. In this way, the method can be
applied using data obtained during a routine prostate examination by TRUS imaging
without the use of specialized equipment or training.
Because of the 2D nature of TRUS imaging as commonly used in clinical practice,
an additional step consisted of the construction of a 3D surface model based on the
prostate contours in multiple 2D TRUS images. The reconstruction of 3D surfaces
from 2D images can be performed in various ways [230, 252, 271, 272] and is not the
focus of this paper. However, for completeness, the method we designed for our study
is also described.
In an in-vitro experiment, the registration algorithm’s accuracy was assessed in
2 gelatin phantoms with fiducial markers. Additionally, in an in-vivo experiment,
we used the border between the peripheral and central zone (BPZ) to estimate the
method’s target registration error (TRE) in 7 patients. To the authors’ knowledge,
no quantitative in-vivo validation has yet been reported for 3D registration between
TRUS and histology.

7.2
7.2.1

Material and methods
Prostate anatomy

The prostate is part of the male reproductive system and is located between the bladder
and the rectum. A schematic overview of the prostate anatomy is given in Fig. 7.1, in
which the position of the TRUS imaging probe has also been drawn. This illustration
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Figure 7.1: Schematic illustration of the prostate with surrounding structures (left) and a
transversal cut showing the zonal anatomy (right).

indicates the locations of the base and apex, and posterior and anterior side, which
are frequently mentioned throughout this paper. In addition, a schematic overview of
the zonal anatomy is shown in a transversal plane.

7.2.2

Surface reconstruction

TRUS
To perform 3D registration of TRUS and histology shapes, 3D triangulated meshes
of the prostate shapes in both modalities were constructed. First, a TRUS video of
the prostate, from now on referred to as “transversal sweep video”, was recorded in
vivo using a Philips iU22 US scanner (Philips Healthcare, Bothell, WA) with an endfire probe in B-mode by inserting the probe rectally until it reached the prostate and
steadily rotating it to move its tip from base to apex. Additionally, a longitudinal
image in the mid-sagittal plane, which is perpendicular to the images in the sweep
video, was recorded. The prostate boundaries were manually outlined by an expert in
approximately 30 of the frames in the transversal video, as shown for one frame in
Fig. 7.2(a), which would be used to construct the 3D model.
From the longitudinal image, the angles θbase and θapex of the first and last
transversal frames with the probe center line were determined (Fig. 7.3). The center
of rotation was initially chosen as indicated in Fig. 7.3. To estimate the angles of the
other frames, linear interpolation was applied; i.e., a constant angular velocity of the
probe was assumed. The manually drawn contours were then positioned in a 3D Euclidian space. After visual comparison of the positioned contours with the longitudinal
image [Fig. 7.2(b)], the center of rotation could be moved vertically, and θbase and

Material and methods

107

Figure 7.2: Schematic overview of the construction and registration of the prostate shape
models obtained from ultrasound and histology. (a) One frame of the transversal sweep
video with outlined prostate contour. (b) Longitudinal image with prostate contours from
the transversal video. (c) Final surface mesh of the prostate obtained from TRUS imaging
(after remeshing). (d) Macro-photo of prostate slices prepared for histology with cancerous
tissue marked in red. (e) Positioning of the prostate contours and tumors in 3D. (f) Resulting
surface mesh of the prostate obtained from histology (after remeshing).

θapex could be adjusted.
A triangulated mesh was created by connecting vertices on neighboring contours
[Fig. 7.2(c)]. Finally, thin caps were added to the base and apex to prevent sharp
edges at the first and last contours.
Histology
Because histopathologic analysis of the prostate after excision was used as a gold standard, patients were only included in this study if they were diagnosed with PCa and
underwent RP. After RP, the prostate was submerged in a formalin solution for approximately 24 h, possibly producing the side-effect of prostate shrinkage [144]. Then, the
distal caps of the prostate were removed by a transversal cut at approximately 4 mm
from the apex and base. The remaining prostate was then transversally sectioned in
slices with a thickness of 4 mm and prepared for microscopic examination.
A macro-photo of all slices was taken [example shown in Fig. 7.2(d)], in which
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Figure 7.3: Illustration of the angles θbase and θapex of the first and last frame of the
transversal sweep video in a longitudinal image. The initial estimation of the center of
rotation of the TRUS probe has also been indicated.

the prostate contours were drawn. Additionally, any tumors found by histopathology
were added to the photo in red. By manually aligning the slices with the contours
and placing them behind each other with 4 mm distance in between [Fig. 7.2(e)], a
3D prostate shape (including tumors) was reconstructed. A triangulated mesh was
obtained by linear connection between vertices in adjacent slices [Fig. 7.2(f)]. Finally,
the distal caps of the prostate, which had been cut off before, were measured and
added to the base and apex of the model to close it.

7.2.3

Registration algorithm

An image registration process can in general be described as the search for the spatial
mapping S(x) that best aligns a source image IS with a reference image IR by moving
the image coordinates x:
ÎR (x) = IS (S(x)).
(7.1)
The registered image ÎR is an estimation of IR . In our case, the source image was
the histology prostate model and the reference image was the TRUS prostate model.
Our registration algorithm consisted of three steps:
1. an affine, global registration,
2. an elastic surface registration,
3. an internal registration, which interpolates the deformation of the surface in step
2 to the inner volume.
In step 1, we accounted for the global difference in position, orientation and size by
an affine mapping, whereas the local deformations, as a result of probe pressure and
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radical prostatectomy, were compensated for in step 2 and 3 by an elastic mapping.
The total mapping function was the concatenation of the affine and elastic mapping,
Taf f and Tel , respectively:
T (x) = Tel (Taf f (x)).
(7.2)
Step 1: affine registration
The affine registration globally aligned the prostate model and served as initialization
for the subsequent steps, which made it a very crucial step. We tested two different
approaches: an iterative closest point (ICP) algorithm [158] and a stepwise method in
which translation, rotation and scaling were implemented as sequential steps. As an
initialization to both approaches, the midpoints – defined as the means xR and xS of
the surface vertex coordinates of the reference and source models, respectively – were
aligned by translating the source model.
The ICP algorithm [158] iteratively finds corresponding vertices on the prostate
models and minimizes the root-mean-square (RMS) distance between those vertices
by transforming the source model. In [158], where only rigid body transformations
(translation + rotation) were considered, a direct solution [273] for the minimum
RMS was applied.
Besides a rigid body transformation, we also tested two non-rigid transformations:
a rigid body transformation followed by an isotropic scaling (ISc) and a rigid body
transformation followed by an anisotropic scaling (ASc). Scaling was implemented to
compensate for volume difference and global shape changes, mainly due to operations
on the prostate after excision. Moreover, it provided a close match of the prostate
surfaces as initialization for the elastic surface registration in the next step. To find
the minimum RMS for the non-rigid transformations, we used a Levenberg-Marquardt
optimizer [274, 275].
In the stepwise approach to affine registration, first, the three main axes of both
shapes were estimated by principal component analysis (PCA) of the surface vertex
coordinates, as elaborated in [276]. Numerically, the principal components were computed as the eigenvectors of the symmetric P × P covariance matrix C of the P
observed variables, which in our case was defined as:


cov(xO , xO ) cov(xO , yO ) cov(xO , zO )
C = cov(yO , xO ) cov(yO , yO ) cov(yO , zO ) ,
(7.3)
cov(zO , xO ) cov(zO , yO ) cov(zO , zO )
with cov(•, •) represented the covariance operator and xO , yO , and zO the observation
vectors containing the x-, y-, z-components of the model vertices x.
Let VR and VS be the 3 × 3 orthonormal matrix containing by column the eigenvectors (sorted by eigenvalue) of the covariance matrices for the reference and source
models, respectively. These matrices represent the orientations of the models, but are
not uniquely defined, because of the possible inverse direction of the eigenvectors. We
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could, however, assume a reasonable initial alignment, because both models were similarly obtained by stacking contours from apex to base. For this reason, we swapped
the columns in VR and VS such that the largest absolute values in each column were
on the diagonal, and multiplied any column by −1 for which the entry on the diagonal
was negative. By doing this, we limited the rotation angle to 90◦ .
Having found the orientations VR and VS , a rotation matrix R, which transforms
VS into VR was obtained by:
R = VR VS−1 = VR VST .

(7.4)

The individual coordinates xS of the source surface model are now registered by
combining the translation and rotation:
(r)

xS = R(xS − xS ) + xR .

(7.5)

Scaling (ISc or ASc) was implemented as the next step in the stepwise method.
Mathematically, the source surface coordinates were pre-multiplied by a scaling matrix
S:


sa 0 0
S =  0 sb 0  .
(7.6)
0 0 sc
For ISc (sa = sb = sc ), the scaling factor was chosen such that the volumes of the
models were equal after scaling. In the ASc approach, the scaling factors sa , sb , and
sc were estimated by projecting the surface nodes of each model onto each principal
axis a, b, c of that model and calculating the ratio between the root mean squared
distances da , db , and dc between the coordinates projected on these axes to the model
center:
db
dc
da
sb = R ,
sc = R .
(7.7)
sa = R ,
daS
dbS
dcS
The subscripts R and S in (7.7) refer to the reference and source models, respectively.
The complete affine transformation for the stepwise approach was found by combining all previous steps:
Taf f (x) = VR SVST (x − xS ) + xR .

(7.8)

Step 2: elastic surface registration
For elastic registration of the surfaces, we used a parametric active contour model,
based on the algorithms described in [277–279], commonly used for segmentation
or motion tracking in medical images (see e.g. [280–282]). One advantage of this
technique is its capability to project nodes from the source model onto the reference
model while maintaining a natural spreading of the nodes. Another advantage is the
intrinsic smoothing of the surface, which makes the registration less susceptible to
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irregularities in the prostate models. The main steps of this algorithm are described
below; for a detailed description, the reader is referred to [279].
Registration is performed by minimizing an energy functional
Z
E = (Eint (s) + Eext (s))dA
(7.9)
Ω

by applying a transformation s : Ω ⊂ R2 → R3 to a surface Ω [279]. Eint represents
the internal energy, defined by the surface material properties, whereas the external
energy Eext is defined by the reference image IR . In our case, IR was a binary voxel
image of the TRUS reference volume with a resolution of 1/3 mm per voxel. The
internal and external energy are calculated by [279]
Eint (s)

=

3
X

τmem k∇si k22 + τtps (k∇2 si k22 − 2|H(si )|),

(7.10)

i=1

Eext (s)

=

−ηk(∇[Gσb ∗ IR ])(s)k2 ,

(7.11)

in which si denotes the i-th spatial component of s, H(·) represents the Hessian matrix,
Gσb is a 3D Gaussian kernel with standard deviation σb , and η is the external force
factor, determining the weight of the external force [279]. The parameters τmem and
τtps control the surface properties and accomplish a membrane-like or a thin-plate-like
behavior, respectively.
A local minimum of (7.9) can be found by the iterative solution
pi+1

=

pi + γ(τmem U (pi ) − τtps U 2 (pi )
− λ(n · ∇Eext (pi ))n
− (1 − λ)∇Eext (pi )),

(7.12)

in which pi contains the coordinates of a surface node in the ith iteration and γ is
the step size of each iteration. The operator U (·) represents the Umbrella function as
defined in [279].
Forces tangent to the mesh surface can cause self-intersection within the mesh. To
prevent the surface mesh from self-intersecting, the external force vector, ∇Eext , was
replaced in (7.12) by a weighted sum of the external force vector and the vertex normal
vector n as suggested in [279]. The parameter λ ∈ [0, 1] determines the influence of
the image force relative to the surface normal.
The algorithm stops when the maximum node displacement per step size falls below
∆pmin . After the algorithm had stopped, we defined the elastic mapping Tel (p0 ) of
each node position of the initial surface mesh to be the displacement pend − p0 of
that vertex at the end of the algorithm.
The parameter values were empirically optimized based on the registration of the
prostate models of 5 test patients. First, the standard deviation of the Gaussian filter
σb was set to a value such that the blurred reference image entirely covered the source
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model. Next, a value for λ was chosen sufficiently large to prevent self-intersection,
but as low as possible to keep disturbance of the external energy field to a minimum.
The parameters τmem , τtps , η, and γ were heuristically determined to achieve a fast
convergence, while keeping the registration smooth and stable. All parameter values
are summarized in Table 7.1.
Step 3: internal registration
To estimate the elastic transformation Tel for the interior of the prostate, the surface
vertex displacements found by the elastic surface registration were interpolated. We
tested two different ways of interpolating the vertex displacements.
The first method was a finite element (FE) approach assuming a linearly-elastic,
nearly-incompressible material (Young’s modulus 25 kP, Poisson’s ratio 0.495), similar
to the material properties used in [264, 283]. To this end, a tetrahedral mesh was
generated using TetGen 1.4.3 [284] with the quality measure q set to its maximum
value (i.e., 18).
In the second method, we used a natural neighbor (NN) interpolation method [285]
to interpolate the surface displacements in each dimension separately. This method
is based on the Voronoi diagram of the coordinates at which the displacements to
be interpolated are known. To obtain the displacement at a new coordinate, a new
Voronoi diagram is constructed around this coordinate. The interpolated value is
then calculated as the weighted sum of the displacements at the coordinates whose
old Voronoi cells overlap the Voronoi cell of the new coordinate to obtain a smooth
interpolation. This technique has the advantage over FE-based methods that no
internal mesh has to be generated and no prior knowledge about the mechanical
properties of the underlying material is required or used.
To find the complete deformation field of the prostate, the affine and elastic deformations were concatenated by applying (7.2). Tumors found by histology could
now be reconstructed in the analyzed TRUS plane by mapping all points of the tumor
model to their corresponding positions in the TRUS model according to (7.1).
Table 7.1: Parameter values in the active contour algorithm
Symbol

Description

Value

∆pmin
τmem
τtps
γ
σb
η
λ

Stopping criterion [mm]
Resists stretching
Resists bending
Time step
Reference image blurring coefficient [mm]
External force factor
Normal force factor

0.03
0.01
0.1
0.5
1.67
3
0.2
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Figure 7.4: Schematic side-view of the phantom used for in-vitro validation.

Figure 7.5: A gelatin phantom while scanning in position 2.

Implementation
The registration algorithm described in this section was implemented in MATLAB
8.4.0.150421 (The MathWorks, Natick, MA) on a PC using an Intel® Core i5-2500
processor running at 3.3 GHz (Intel, Santa Clara, CA) with 16 GB RAM. Our implementation of the ICP algorithm in MATLAB was based on functions written by
Kroon [286] and by Wilm and Kjer [287], available at MATLAB Central [288]. For
the parametric active contour model, we modified code written by Kroon [289]. All
other methods were implemented using original code.
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Remeshing

Our registration method works best with prostate models containing triangulated
meshes in which the vertices are as uniformly spaced as possible (i.e., the lengths
of all edges are approximately equal). It results in a more reliable orientation estimation for the affine registration, because each part of the surface is approximately
equally represented in the PCA and ICP algorithms, and the active contour algorithm
used for elastic surface registration showed more stable behavior with respect to selfintersection.
To obtain uniform meshes, a remesh algorithm using the non-adaptive part of
the method described in [290] was applied to each of the surface models obtained
from both histology and TRUS. This iterative method uses front propagation to find
the location on the surface with the longest geodesic distance to all vertices that
are already in the mesh; a new vertex is then inserted at that location. In this way,
vertices are equally distributed over the surface, which leads to an uniform mesh. The
number of vertices Nv in the mesh is a trade-off between computational speed and
accurate representation of the prostate shape (hence higher registration accuracy for
irregular surfaces). For our surface models we used Nv = 2000, which was sufficient
to reproduce the encountered prostate deformations.

7.2.5

In-vitro validation

Because natural landmarks are not always present in both histology and TRUS, an invitro experiment, using phantoms with fiducial markers, was designed to quantitatively
assess the registration error of the presented methods. Two gelatin phantoms of
the prostate were produced and embedded in a gelatin surrounding (Figs. 7.4 and
7.5), based on the design presented in [291]. Different from [291], we chose to use
gelatin as phantom material, because it suited the scope of our experiments and was
easier to handle. The gelatin was constructed such that the prostate phantom was
approximately three times stiffer than the surrounding gel.
To be able to distinguish the prostate phantom from the surrounding gel in TRUS
B-mode images, a small amount of graphite powder was added to the prostate phantom
as a scattering agent. Furthermore, in each phantom, 9 clay markers with a diameter
of 3-5 mm were added for assessment of the TRE. A hole on the side (50 mm in diameter), large enough to accommodate and rotate a TRUS end-fire probe, represented
the rectum, enabling simulation of TRUS imaging during a prostate examination (position 2). Alternatively, the prostate could be scanned from the top (position 1) to
obtain images at a different angle than in position 1 and without phantom deformation
due to pressure by the probe head, and therefore providing images that could represent
the histology.
In this experiment, we used an iU22 (Philips Healthcare, Bothell, WA) US scanner
with a 3D endocavity probe (3D9-3v) to exclude model construction from this validation. Each phantom was first scanned from position 1 to acquire an image of a
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“histology” phantom. Subsequently, each phantom was scanned with the same probe
from position 2, while pushing the probe against the phantom to acquire a “TRUS”
image. The latter scan was repeated 6 times with varying strength and location of
the force applied on the phantom to test the robustness of the registration algorithm
against varying deformations.
In each 3D US image, the phantom’s contour and markers were manually segmented to construct 2000-node surface meshes with markers inside. For each phantom,
all “TRUS” meshes (reference) were registered with the “histology” mesh (source) using the proposed algorithms. The TRE was defined to be the distance between a
marker in the reference mesh to the same marker in the registered mesh. Results
were stored after affine and elastic registration to evaluate the performance of the
individual steps. The registration accuracy and execution time were compared for the
different methods described in Section 7.2.3. The statistical significance (p-value) of
the results was evaluated by two-sided Wilcoxon signed rank tests for paired data and
by two-sided Wilcoxon rank sum tests for unpaired data.
The described in-vitro experiment focused on validation of the registration algorithm only, leaving out the construction of the model from 2D images and deformations
due to surgery and the fixation process.

7.2.6

In-vivo validation

In 7 patients, (parts of) the border between the peripheral and central zone (BPZ) of
the prostate (see Fig. 7.1) was visible both in the histology and TRUS images. These
patients were therefore selected for in-vivo validation using the BPZs as landmarks to
evaluate the TRE. In two patients, two ultrasound recordings were made at different
dates and were both included. As a result, a total of 9 prostate model sets were used
for validation. Different from the in-vitro experiments, the in-vivo validation included
model construction and the effect of deformation after surgery.
The BPZ was manually drawn in the TRUS and histology images by an expert,
after which 3D models were reconstructed as described in Section 7.2.2. Between
the images, the BPZ was interpolated using a linear radial basis function with noise
reduction [1, 157]. The constructed models were then registered. The TRE was
determined by calculating the normals to the surface of the registered (histology) BPZ
and finding the point at which it intersected with the reference (TRUS) surface. The
distance between the histology and TRUS surfaces along a surface normal was defined
to be the TRE at that point. However, because TRUS and histology showed also
BPZ parts that were not corresponding, the corresponding parts had to be defined for
the validation. Parts of the BPZ for which no intersection point was found along the
surface normal were considered to be non-corresponding, and were therefore ignored.
Statistical analysis of the results was done in a similar way as described in Section
7.2.5.
Because the models were constructed by stacking contours from base to apex, as
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Figure 7.6: Registration of phantom models (containing 9 landmarks) imaged in position
1 (blue) and in position 2 (red). (a) Affine registration by the ICP algorithm using a rigid
transformation with anisotropic scaling. (b) The same affine registration followed by elastic
registration using NN interpolation.

described in Section 7.2.2, the patient models already had a similar orientation. For
this reason, the TRE was also determined for registration without applying rotation in
the stepwise affine transformation.

7.3
7.3.1

Results
In-vitro validation

An example of the registered phantom models with markers after affine and elastic
registration is shown in Figure 7.6. The model shapes showed already good agreement
after affine registration, but a slight mismatch could be observed due to deformation
by the imaging probe. After elastic registration, the two models almost completely
overlapped, as expected.
In Table 7.2, the TREs are summarized for each registration method. For each
measurement, the means and standard deviations were computed over all markers
(9 per phantom). Then, the means and standard deviations were computed over all
measurements (6 per phantom). Rotation by PCA resulted in an average TRE of over
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(a)
Reference landmark
Affinely registered landmark
Reference prostate contour
Affinely registered prostate contour

(c)

(b)
Reference landmark
Elastically registered landmark
Reference prostate contour
Elastically registered prostate contour

(d)

Figure 7.7: Registration in one patient included in the validation. Red represents TRUS,
blue represents histology. Subfigure (a) shows the result of the affine registration using the
ICP algorithm with anisotropic scaling. Subfigure (b) shows the elastic registration using NN
interpolation, after applying the same affine registration as in (a). In (c) and (d), cross-cuts
are shown at the planes indicated in (a) and (b), respectively.

8 mm for phantom 1, but below 2 mm for phantom 2. The reason for this difference
resides in the observation that, different from phantom 2, no clear second main axis
perpendicular to the first main axis could be distinguished for phantom 1. The ICP
method performed well in both phantoms. No significant difference was observed with
respect to the mean TRE after applying elastic registration (p ∈ [0.93, 0.97]) using FE
interpolation, and for NN interpolation the mean TRE was even significantly higher
(p < 0.001) for each ICP method.
The computation time for any of the affine registration methods was negligible
compared to the computation time of the elastic registration techniques. Also, the
type of scaling used in the affine registration step had little influence on the computation time required for the elastic registration. Using NN instead of FE for internal
registration reduced the computation time by approximately a factor 10.
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ICP rigid + ISc
ICP rigid + ISc + NN
ICP rigid + ISc + FE

ICP rigid
ICP rigid + NN
ICP rigid + FE

PCA + ASc
PCA + ASc + NN
PCA + ASc + FE

PCA + ISc
PCA + ISc + NN
PCA + ISc + FE

PCA
PCA + NN
PCA + FE

0.7 ± 0.1
16.9 ± 0.6
169.6 ± 4.7

0.4 ± 0.0
17.1 ± 0.6
169.7 ± 5.4

0.5 ± 0.3
17.2 ± 0.9
168.7 ± 6.2

0.0 ± 0.0
16.9 ± 0.7
167.9 ± 0.7

0.3 ± 0.0
17.1 ± 1.2
170.1 ± 5.6

0.0 ± 0.0
17.4 ± 1.0
175.9 ± 4.7

3.5 ± 0.6 (1.2 ± 0.1)
3.3 ± 0.5 (1.3 ± 0.2)
3.5 ± 0.5 (1.5 ± 0.2)

1.7 ± 0.2 (0.8 ± 0.2)
1.8 ± 0.2 (0.9 ± 0.2)
1.7 ± 0.2 (1.1 ± 0.2)

1.7 ± 0.3 (0.8 ± 0.3)
1.9 ± 0.3 (0.9 ± 0.3)
1.7 ± 0.2 (1.1 ± 0.3)

1.7 ± 0.2 (0.8 ± 0.3)
1.8 ± 0.2 (0.9 ± 0.3)
1.7 ± 0.2 (1.1 ± 0.3)

8.1 ± 2.6 (1.7 ± 0.5)
8.4 ± 3.0 (1.6 ± 0.4)
8.6 ± 3.0 (1.3 ± 0.2)

8.0 ± 2.5 (1.8 ± 0.5)
8.3 ± 2.7 (1.6 ± 0.4)
8.6 ± 3.0 (1.3 ± 0.2)

8.0 ± 2.5 (1.8 ± 0.5)
8.3 ± 2.7 (1.6 ± 0.4)
8.6 ± 3.0 (1.3 ± 0.2)

TRE
phantom 1 (mm)

3.2 ± 0.4 (1.2 ± 0.3)
3.1 ± 0.4 (1.1 ± 0.3)
3.7 ± 0.4 (1.1 ± 0.3)

3.2 ± 0.4 (1.3 ± 0.3)
3.2 ± 0.4 (1.1 ± 0.3)
3.6 ± 0.4 (1.1 ± 0.3)

1.2 ± 0.1 (0.4 ± 0.1)
1.3 ± 0.1 (0.4 ± 0.1)
1.2 ± 0.1 (0.5 ± 0.1)

1.2 ± 0.1 (0.5 ± 0.1)
1.3 ± 0.1 (0.5 ± 0.1)
1.3 ± 0.1 (0.4 ± 0.1)

1.3 ± 0.1 (0.5 ± 0.1)
1.3 ± 0.1 (0.5 ± 0.1)
1.3 ± 0.1 (0.4 ± 0.1)

1.4 ± 0.4 (0.5 ± 0.1)
1.4 ± 0.4 (0.4 ± 0.2)
1.5 ± 0.4 (0.5 ± 0.1)

1.4 ± 0.4 (0.5 ± 0.2)
1.5 ± 0.4 (0.5 ± 0.2)
1.6 ± 0.5 (0.5 ± 0.1)

1.4 ± 0.4 (0.5 ± 0.2)
1.5 ± 0.4 (0.5 ± 0.2)
1.6 ± 0.5 (0.5 ± 0.1)

TRE
phantom 2 (mm)

3.4 ± 0.5 (1.3 ± 0.2)
3.2 ± 0.5 (1.2 ± 0.3)
3.6 ± 0.4 (1.3 ± 0.4)

3.4 ± 0.5 (1.2 ± 0.2)
3.2 ± 0.5 (1.2 ± 0.2)
3.5 ± 0.4 (1.3 ± 0.3)

1.5 ± 0.3 (0.6 ± 0.3)
1.5 ± 0.3 (0.7 ± 0.3)
1.5 ± 0.3 (0.8 ± 0.4)

1.5 ± 0.3 (0.7 ± 0.3)
1.6 ± 0.3 (0.7 ± 0.3)
1.5 ± 0.2 (0.7 ± 0.4)

1.5 ± 0.3 (0.7 ± 0.3)
1.6 ± 0.3 (0.7 ± 0.3)
1.5 ± 0.2 (0.8 ± 0.4)

4.8 ± 3.9 (1.1 ± 0.7)
4.9 ± 4.1 (1.0 ± 0.7)
5.1 ± 4.2 (0.9 ± 0.5)

4.7 ± 3.9 (1.1 ± 0.8)
4.9 ± 4.0 (1.1 ± 0.7)
5.1 ± 4.2 (0.9 ± 0.5)

4.7 ± 3.9 (1.1 ± 0.8)
4.9 ± 4.0 (1.1 ± 0.7)
5.1 ± 4.2 (0.9 ± 0.5)

TRE
overall (mm)

Table 7.2: Results of the in-vitro validation: mean ± standard deviation – computed over all measurements – of computation time, mean TRE,
and standard deviation (in brackets) of the TRE computed over 9 markers per measurement.

ICP rigid + ASc
ICP rigid + ASc + NN
ICP rigid + ASc + FE

0.3 ± 0.0
16.8 ± 0.5
171.8 ± 3.0

3.6 ± 0.6 (1.3 ± 0.1)
3.3 ± 0.6 (1.4 ± 0.2)
3.6 ± 0.5 (1.3 ± 0.1)

Computation
time (s)

ISc
ISc + NN
ISc + FE

0.0 ± 0.0
16.5 ± 0.7
170.8 ± 4.0

Method

ASc
ASc + NN
ASc + FE
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Table 7.3: Results of the in-vivo validation: mean ± standard deviation – computed over
all measurements – of computation time, mean TRE, and standard deviation (in brackets) of
the TRE computed within a measurement.

7.3.2

Method

computation
time (s)

TRE (mm)

PCA + ISc
PCA + ISc + NN
PCA + ISc + FE

0.2 ± 0.0
37.9 ± 7.7
160.0 ± 8.4

3.0 ± 0.6 (2.0 ± 0.8)
2.7 ± 1.0 (1.9 ± 1.3)
3.6 ± 1.7 (2.8 ± 1.6)

PCA + ASc
PCA + ASc + NN
PCA + ASc + FE

0.0 ± 0.0
37.2 ± 7.2
162.7 ± 10.5

2.9 ± 0.7 (2.0 ± 0.9)
2.5 ± 0.9 (1.8 ± 1.1)
3.6 ± 1.7 (3.0 ± 1.9)

ICP rigid + ISc
ICP rigid + ISc + NN
ICP rigid + ISc + FE

0.3 ± 0.1
37.6 ± 8.4
161.4 ± 12.7

2.4 ± 0.5 (1.6 ± 0.5)
2.2 ± 0.6 (1.5 ± 0.5)
2.9 ± 0.9 (2.3 ± 0.8)

ICP rigid + ASc
ICP rigid + ASc + NN
ICP rigid + ASc + FE

0.4 ± 0.1
35.8 ± 7.7
162.3 ± 7.3

2.4 ± 0.7 (1.6 ± 0.7)
2.2 ± 0.6 (1.6 ± 0.6)
2.7 ± 0.7 (2.0 ± 0.7)

ISc
ISc + NN
ISc + FE

0.3 ± 0.0
43.5 ± 6.1
174.2 ± 18.2

2.6 ± 0.6 (1.6 ± 0.5)
2.2 ± 0.5 (1.4 ± 0.4)
2.9 ± 1.3 (2.2 ± 1.0)

ASc
ASc + NN
ASc + FE

0.0 ± 0.0
42.0 ± 6.8
175.9 ± 18.5

2.5 ± 0.5 (1.6 ± 0.5)
2.1 ± 0.5 (1.4 ± 0.3)
2.8 ± 1.2 (2.4 ± 1.0)

In-vivo validation

Table 7.3 gives the TREs per method based on 9 TRUS-histology registrations in 7
patients (see Section 7.2.6). The results for the methods without scaling are omitted,
because in some cases the shape differences between the reference and source model
were too large after rigid registration only. In those cases, parts of the source model
were not covered by the blurred reference image in the elastic surface registration. In
those uncovered parts, elastic registration did not work and, consequently, the internal
deformations could not be computed.
The mean TRE was lower for the ICP methods than for the PCA methods. This
difference was significant for the transformation including ISc (p < 0.027), but not significant for ASc (p = 0.074). Applying elastic registration using NN interpolation after
affine registration decreased the TRE significantly for rigid ICP + ISc and rigid ICP +
ASc (p < 0.01) and insignificantly for the other methods (p ∈ [0.055, 0.20]). Inter-
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(a)
Reference prostate contour
Affinely registered prostate contour

(c)

(b)
Reference prostate contour
Elastically registered prostate contour

(d)

Figure 7.8: Registration of 2 prostate models containing a tumor (yellow). Red represents
TRUS, blue represents histology. Subfigure (a) shows the result of the affine registration
using the ICP algorithm with anisotropic scaling. Subfigure (b) shows the elastic registration
using NN interpolation, after applying the same affine registration as in (a). In (c) and (d),
cross-cuts are shown at the planes indicated in (a) and (b), respectively.

polation by FE even increased the TRE, although not significantly (p ∈ [0.13, 0.65]).
When applying only scaling without automatic rotation in the affine step, the performance of the stepwise registration was similar to the performance of the methods using
ICP as an affine registration step. The computation time for the NN interpolation was
longer than in Table 7.2 (p < 0.001), because the BPZ contained more points to
register than the 9 fiducial markers used in the phantom experiments. An example of
a registration of two models using one of the best performing methods (ICP rigid +
ASc followed by NN) is given in Fig. 7.7.

7.4

Discussion

The phantom experiments resulted in a mean TRE of 1.5 mm for the best performing
method; in vivo, this value was 2.1 mm. This error is acceptable for most clinical
purposes, since tumors are considered clinically significant when their volumes exceed
0.5 cm3 [183]. Assuming a spherical shape, this yields a tumor diameter of 10 mm.
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TREs were comparable with the results presented in the literature [264, 265], in which
surface-based registration was applied to prostates imaged in different modalities.
However, in [264, 265], registration was not performed between in-vivo and ex-vivo
images, bypassing the deformation due to surgery.
In the phantom experiments, TREs due to model construction or to deformation
caused by surgery and preparation of the prostate for histopathologic analysis were
not included. Although these differences were included in the in-vivo study, the TREs
in that study were only approximately 1 mm larger than those in the in-vitro study.
This suggests that the error introduced by our method used for model construction is
relatively small.
From the lower standard deviations in the TREs in both the in-vitro (Table 7.2) and
the in-vivo experiments (Table 7.3), it can be concluded that the ICP method is more
robust in affine registration than the PCA-based method. The reason can possibly
be found in the fact that the PCA method tries to find three main axes like those in
an ellipsoid. Because the shape of the prostate in TRUS can be deformed drastically
at the posterior side by the pressure of the probe head on the prostate, it does not
resemble an ellipsoid-like shape anymore. In this case, the three orthogonal main axes
to estimate the orientation of the prostate model cannot be correctly defined.
Surprisingly, in vivo, registration without applying automatic rotation performed
similar to the ICP methods. Because both models were constructed by stacking slices
from base to apex, they had already been reasonably well-aligned before applying the
registration algorithm. The same a-priori information could be applied in the validation
of some PCa techniques using other imaging modalities, such as MRI, where histology
slices and imaging planes are already well aligned before registration.
When comparing in-vitro average TREs (Table 7.2) for affine ICP and elastic
registration, only small differences were observed (< 0.1 mm). An explanation for
this result could be that most of the deformation could already be covered by the
affine registration. Errors in drawing the contours of the phantoms and markers were
probably larger than the improvement that could be made by elastic registration.
In our in-vivo experiments, the elastic registration followed by NN interpolation did
result in a small decrease in TRE for each affine registration method. The FE method,
however, resulted in higher TREs. The deformation at the surface defined by the
elastic surface registration of the affinely registered models probably did not represent
realistic boundary conditions for a physics-based model. A more general interpolation
method, such as the NN interpolation, could then result in lower TRE.
Although the differences between the TREs for affine and elastic registration were
small, the differences can be larger close to the surface. An example of the registration
of histopathology and TRUS using an affine and an elastic method is given in Fig. 7.8.
In this case, the deformation at the posterior surfaces – caused by probe pressure
– could not be compensated for by an affine transformation. As a result, part of
the registered tumor lied outside the prostate and could therefore not be used for
validation or training of a PCa imaging technique. Applying an elastic registration
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using NN interpolation solved this issue.
Because the location of the BPZ in between histology slices was unknown and had
to be interpolated, an inaccuracy in the estimation of the TRE in the in-vivo validation
was possibly introduced. Moreover, the orientation of the BPZ is largely parallel to
the apex-base axis. Because the TREs were estimated based on the surface normals
of the BPZ, the influence of registration errors in that direction on the final TRE
was smaller than in other directions. Fiducial point landmarks could provide a more
accurate reference for TRE estimation, but can be difficult to apply during a regular
TRUS examination.
Although outside the scope of this work, a method was given to construct 3D
prostate models from a transversal sweep video. The presented method requires manual delineation of the prostate contours to obtain the most accurate models and registration. However, an accurate (semi-)automatic segmentation could assist in making
this step less time-consuming. Moreover, the accuracy of the model construction could
benefit from using a 3D US probe to minimize the error made by the conversion from
2D sweep video to 3D US.
The presented method does not rely on the mechanical properties of the prostate
and, therefore, assumes a homogeneous material. The prostate, however, consists of
different zones with different stiffness [266]. Moreover, tumors are known to be stiffer
than healthy prostate tissue [266]. When the location of the central zone and the
tumors are known, it could be worth applying varying stiffness settings in the internal
registration step to reduce the TRE.

7.5

Conclusions

Several methods, directly applicable in clinical practice, for 3D, affine and elastic,
surface-based registration of prostate models obtained by TRUS imaging and histology
were compared both in vitro and in vivo. Experiments using two gelatin phantoms
with fiducial markers resulted in a mean TRE of 1.5 ± 0.2 mm for the best performing
method. The mean TRE obtained from validation in 7 patients was 2.1 ± 0.5, which is
below the slicing thickness in histology or the size of clinically significant tumors. The
ICP algorithm proved to be a robust approach for affine registration, whereas rotation
using a PCA approach frequently resulted in large TREs. For the elastic registration,
the NN interpolation outperformed a FE approach assuming linearly elastic material.
Because the algorithm used for registration is independent of the adopted imaging
technique, applications for imaging modalities other than TRUS (such as MR) can be
envisaged.

Chapter
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Clinical validation of
histology-ultrasound registration
The content of this chapter has been submitted for publication as [J3]:
A.W. Postema, S.G. Schalk, M. Mischi, J.J.M.C.H. de la Rosette, and H. Wijkstra,
“3D registration improves transrectal ultrasound to resection pathology matching for
prostate cancer imaging validation,” BJU Int.
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Abstract
Objectives: To validate a 3D elastic registration technique for matching ultrasound
(US) imaging and radical prostatectomy specimen pathology.
Materials and methods: From our database we identified 14 patients with clear
natural landmarks. All landmarks were discussed between 3 investigators and only
accepted with unanimous consensus. Additional landmarks were added, also on
the premise of unanimous consensus. Using a 3D surface-based elastic registration
method, we registered US images to the pathology slices and identified the landmark
location in both. For each landmark, xy-plane registration errors were calculated by
measuring distance, z-axis registration error was estimated in 2 mm increments.
Results: In 7 patients, the original landmarks were rejected by the consensus
panel; the 7 remaining original landmarks were unanimously accepted. Twenty-eight
additional landmarks were identified and all 14 included cases had at least 1 usable
landmark. The median registration error of the original landmarks was 3.6 mm
(range: 1.1 to 5.9 mm). The mean registration error per-patient was below 2 mm in
43% (3/7) of cases and below 4 mm in 57% (4/7) of cases. Including all additional
landmarks, the median registration error was 1.9 mm (range: 0.5 to 5.9 mm) and the
mean registration error per-patient was below 2 mm in 64% (9/14) and below 4 mm
in 78% (11/14) of cases.
Conclusion: With the proposed method, registration errors are in the range of one
pathology slice thickness, below the threshold for clinically significant disease and
smaller than manual matching achieves. Therefore, the proposed method can improve
the US to pathology matching in imaging validation studies.

Introduction

8.1
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Introduction

Accurate imaging is required to improve prostate cancer diagnostics towards targeted
biopsies and to enable focal therapy approaches [222, 292]. Several advanced ultrasound (US) technologies such as dynamic contrast enhanced-ultrasound (DCE-US)
and (shear wave) elastography have shown promise to provide the needed increases in
accuracy, and their development is ongoing [185]. Reliable validation of these imaging techniques requires accurate comparison with corresponding histopathology, and
therefore accurate registration between imaging and pathology. Several factors that
complicate US and pathology matching are the differences in plane angulation, deformations and shrinking caused by prostatectomy specimen processing and the deformation caused by the ultrasound probe during image acquisition [293]. Many of these
factors also hold true for magnetic resonance imaging (MRI) to pathology matching.
Furthermore, the manual allocation of pathology slices and imaging planes to prostate
regions is difficult and subjective [J5]. Many authors compensate for pathology to
imaging mismatch by summarizing planes or taking results from neighboring prostate
regions into consideration [294, 295]. However, this procedure leaves uncertainty on
whether over or under compensation occurs. This uncertainty in matching imaging
and pathology contributes to the variability in the results that are reported in prostate
cancer imaging [296]. It is therefore important that an improved, more objective
method of matching pathology and imaging with known approximate registration error becomes available. Recently a 3D elastic registration method for ultrasound and
pathology was proposed by Schalk et al. [J5]. In two ex vivo models they achieved a
mean registration error of 1.5 ± 0.2 mm and in 7 in vivo models they achieved a registration error of 2.1 ± 0.5 mm using the peripheral zone/transitional zone (PZ/TZ)
border as landmark. In the present study we aim to further validate this method in
vivo by using clear natural landmarks of varying shape, size and location.

8.2

Methods

From our database of pre-operative ultrasound scans and postoperative analysis of
radical prostatectomy specimens we selected patients on the basis of having easily
identifiable landmarks in both pathology and imaging that could be used to validate
our registration method. These data are derived from two institutional review board
approved protocols in which patients were only included after informed consent was
obtained. During a consensus meeting between two engineers and one clinician with a
research focus on prostate imaging (HW, SS and AP), each landmark was discussed.
Landmarks were used for analysis only when there was unanimous agreement on the
correspondence between the landmark in the US sweep and the pathology slices. Besides the original landmarks on the basis of which the patients were selected, additional
landmarks were added when the panel could unanimously agree on them. These additional landmarks were either point shaped (e.g., the urethra) or line shaped (e.g.,
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PZ/TZ border or urethra).
We used the anisotropic scaling + natural neighbor interpolation method detailed
in Schalk et al. for US to pathology registration [J5]. In short, this method entails
building a 3D model of the prostate from the transversal base-to-apex transrectal
2D US sweep. In each sweep video, the prostate contour was manually delineated
and the contours were stacked using the sagittal sweep video for guidance. In this
cohort, we used a Philips iU22 US scanner (Philips Healthcare, Bothell, WA) with
an end-fire endocavity probe. After formalin fixation, the prostatectomy specimen
was sliced in 4 mm transversal slices. The prostate contours were delineated on a
macro photograph displaying all pathology slices. Stacking of these contours allows
building the 3D pathology model. The 3D US and pathology models were registered
in a three step process: a global rigid registration accounting for differences in size
and orientation followed by a surface-based elastic registration accounting for local
deformations caused by e.g. probe pressure and pathology specimen processing. In
the final step, elastic internal registration interpolates the deformation of the surface
to the interior of the prostate. After registration, we rendered virtual US planes
corresponding with the real pathology slices, identified the landmarks in both and
compared the location of the landmarks. We chose to generate virtual US slices
matching real pathology slices instead of the other way around because the pathology
data is sparser due to the 4 mm slice thickness.
For each landmark, we calculated the registration errors in mm as the distance
between the landmarks in the xy-plane. The original landmarks were areas for which
the centroid was determined and this point was used for calculation of the registration
error. For point shaped landmarks, we calculated an xy distance between the point
in pathology and the same point in the US slice. To determine the registration error
between line-shaped landmarks, for all points on the US landmark the minimum distances to the histology landmark were determined and averaged over the entire line.
The same computation was made vice versa, i.e., using the minimum distance from
histology to US landmark. The registration error was then defined as the mean of the
two acquired distances called the mean mean minimum distance (Fig. 8.1). Because
the pathology slices are approximately 4 mm thick, we judged z-axis registration in half
slice (approximately 2 mm) increments. When the US and pathology landmarks were
registered to the same plane, the z-axis error was set to be 0. When the landmarks in
the rendered US planes were located one plane besides the correct pathology plane,
the z-axis error was set to 4 mm. The total registration error (TRE) was calculated
as the hypotenuse between xy-plane distance and z-axis error. We calculated whether
the median TRE differed between landmark type and location.
The three primary results of this study are the median TRE for the original landmarks only, with inclusion of the additional point shaped landmarks and with inclusion
of all additional landmarks. After including the additional landmarks in the analysis,
we averaged the TREs within each patient to account for the varying number of landmarks per patient and the dependency of these landmarks on the same registration
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Figure 8.1: Left: the pathology slice with an original area shaped landmark (1) and a
line shaped landmark (2) both delineated in blue. Middle: after ultrasound to pathology
registration, this pathology plane was rendered and landmarks are delineated in red. Right:
the two images are projected on top of each other and xy-plane registration error is calculated.

result. Both the per-patient averaged TREs and the TREs for the separate landmarks
will be presented.

8.3

Results

From our database, 14 cases were selected for having natural landmarks visible in
both the US sweeps and pathology slices. During the consensus meeting, there was
no unanimous agreement on the correspondence between the original landmark in the
pathology specimen and the US sweep of 4 patients. In three further patients, the
original landmark was discarded because they could not be delineated precisely and
precise delineation of the landmarks is a prerequisite for calculation of the registration
error. Of the 7 remaining original landmarks, 5 could be identified in the correct
pathology slice and the z-axis error was therefore judged to be 0. The other 2 original
US landmarks were registered one slice before or after the pathology landmark. For
these patients, the z-axis error was estimated to be 4 mm. The median TRE for the
original landmarks was 3.6 mm ranging from 1.1 mm to 5.9 mm. All original landmarks
are described in Table 8.1. During the consensus meeting, additional landmarks were
agreed upon by the panel. With the inclusion of the additional landmarks, all 14
included cases had at least 1 usable landmark and a maximum of 6. Mostly, these
additional landmarks included clearly visible borders between the PZ and the TZ (line
shaped landmark) or the urethra (either line or point shaped landmark) (Table 8.2).
After inclusion of the 11 additional point shaped landmarks, the median TRE changed
to 3.4 mm with a range of 0.5 mm to 5.9 mm. When also the 17 line shaped landmarks
are included the median TRE becomes 1.9 mm with a range of 0.5 mm to 5.9 mm.
A graphical depiction of all data differentiated by landmark type and clustered perpatient is provided in Fig. 8.2. In Table 8.3, all data is categorized by TRE for all
landmarks separately and clustered per-patient.
The boxplots for the TRE for the three landmark types (original landmarks, additional point landmarks and additional line landmarks) are depicted in Fig. 8.3. From
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Table 8.1: Description of original landmarks with total registration errors or reason to exclude
the landmark from the analysis.
Patient

Description

Location

TRE (mm)

Reason to exlcude

1
2
3
4
5
6
7
8
9
10
11
12
13
14

apical bulge
cyst
apical bulge
cyst
cyst
cyst
cyst
calcification
cystic region
cyst
cyst
cyst
cyst
cyst

apex
mid
apex
mid-apex
mid-apex
apex
apex
base
apex
base
mid
mid
apex
apex

1.6
3.6
1.2
5.9
4.4
5.1
1.1
-

unclear delineation
unclear delineation
no consensus on identification
no consensus on identification
no consensus on identification

no consensus on identification
unclear delineation

TRE: Target registration error.

Figure 8.2: Total registration errors of all landmarks plotted in per-patient clusters. The
yellow circles represent the original landmarks, the red circles represent the secondary point
shaped landmarks and the green circles the secondary line shaped landmarks.

the boxplots it can be seen that on average, the original landmarks had the highest
registration errors and the line shaped landmarks the lowest. Most of the landmarks
were situated in the mid or mid-apical planes, only 4 landmarks were located in the far
apex or far base. Three of these landmarks had an above average registration error and
one had a below average registration error (Fig. 8.3). Because of the small number
of landmarks in this analysis, no statistical tests were applied to assess differences in
registration errors depending on landmark type or location.
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Table 8.2: Additional landmarks agreed upon during consensus meeting.
Patient

Landmark

Description

Location

xy error (mm)

1
1
2
2
2
3
3
3
4
5
5
6
6
8
8
8
8
8
12
13
13
13
13
13
13
14
14
14

1
2
2
3
4
1
2
3
1
1
2
1
2
2
3
4
5
6
2
1
2
3
4
5
6
1
2
3

urethra (point)
urethra (point)
urethra (line)
urethra (point)
urethra (line)
urethra (point)
PZ/TZ border (line)
urethra (point)
urethra (point)
urethra (line)
PZ/TZ border (line)
PZ/TZ border (line)
urethra (line)
urethra (point)
urethra (line)
urethra (point)
PZ/TZ border (line)
urethra (point)
PZ/TZ border (line)
PZ/TZ border (line)
urethra (point)
urethra (line)
urethra (line)
urethra (point)
urethra (line)
PZ/TZ border (line)
PZ/TZ border (line)
PZ/TZ border (line)

mid
mid-apex
mid
mid-apex
mid
mid-apex
mid-base
mid
mid
mid-apex
mid-apex
mid
mid-apex
mid
mid
mid
mid
mid-apex
mid
mid
mid
mid
mid-base
mid-apex
mid-apex
mid-apex
mid
mid

0.5
0.5
2.4*
1.3
2.2
4.7
0.2*
4.3
1.2
0.1*
2.0*
0.1*
2.2*
0.2
0.4*
0.7
0.3*
2.5
2.7*
1.1*
2.3
0.6*
1.5*
4.5
1.6*
0.3*
1.0*
0.4*

*Mean mean minimum distance.

8.4

Discussion

Our results show that the overall TRE for all types of landmarks is less than 4 mm
in over three quarters of cases and less than 6 mm in all cases. This means the
registration error is smaller than the thickness of one pathology slice in most cases
and similar to or smaller than the sampling density of transperineal template biopsies
in all cases. The classical definition of the size of a significant tumor focus is 0.5 mL,
which in a sphere means a radius of 4.9 mm [12]. Total registration errors were below
that threshold in all but 2 original landmarks, which exceeded it by 0.2 and 1.0 mm.
In imaging validation studies using radical prostatectomy specimens as reference
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Table 8.3: Categorized total registration errors for different combinations of landmarks separately (top) and clustered per-patient (bottom).

Landmark Type

Total registration error
0-2 mm (%)
2-4 mm (%)
4-6 mm (%)

All landmarks separately
original landmarks
add. point-point landmarks
add. line-shaped landmarks
original + point-shaped landmarks
all landmarks

3 (43%)
6 (55%)
13 (77%)
9 (50%)
22 (63%)

1
2
4
3
7

(14%)
(18%)
(24%)
(17%)
(20%)

3 (43%)
3 (27%)
0 (0%)
6 (33%)
6 (17%)

Landmarks clustered per patient
original landmarks only
original + point-shaped landmarks
all landmarks

3 (43%)
5 (45%)
9 (64%)

1 (14%)
2 (18%)
2 (14%)

3 (43%)
4 (36%)
3 (21%)

add.: additional.

Figure 8.3: Total registration error differentiated by landmark type (left) and location (right).

standard, current methods to account for plane angulation and plane allocation mismatch between imaging and pathology often involve aggregating multiple planes, resulting in a registration uncertainty of multiple plane thicknesses [294, 295]. With our
proposed method the uncertainty in registration is therefore smaller, allowing more
accurate validation. Another benefit of the proposed method lies in that the observers
do not have to manually allocate imaging and pathology planes to certain prostate
regions, removing a source of subjectivity and variability. The registration error of
the original landmarks and additional point shaped landmarks is above the average
reported by Schalk et al. [J5] while the registration error for line shaped landmarks is
lower than that reported in that paper. This may indicate the influence of landmark
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shape or registration error definition on the results.
In our study we did not perform statistical testing to evaluate the differences in
TRE between landmark types due to the small sample size. However, Fig. 8.3 indicates
there may be a trend towards line shaped landmarks giving better results. Our method
of using the minimal distance between the lines for calculation of the registration error
may explain this effect.
Because the pathology slices were approximately 4 mm thick, pathology information was only available every 4 mm. The z-axis registration error was therefore
estimated in 0.5 slice or 2 mm increments, which may have led to both over- and underestimation of TREs. Furthermore, the pathology slice thickness was assumed based
on our hospital specimen processing protocol, but small variations may have occurred.
Of the 14 cases selected for inclusion, only 7 original landmarks were taken into this
analysis. This is the result of the very strict quality assessment of the landmarks. When
during the consensus meeting one of the investigators was not completely convinced
of the quality of the landmark, the landmark was discarded. To accurately validate the
proposed method we considered quality of the landmarks, the de facto reference test,
to be crucial, warranting strict quality assessment at the cost of inclusion numbers. It
is important to realize that the landmarks are only used for validation. The elastic registration method relies on the prostate surface contour alone. Therefore, no landmarks
are required while using this technique to match (suspected) tumor locations.
As opposed to the original landmarks, which were mostly cysts, all secondary
landmarks run through multiple prostate planes. Therefore, one cannot conclude that
if the US landmark is visible in the corresponding pathology slice, the z-axis error must
be within one slice thickness. However, because of the curved trajectory of both the
urethra and the PZ/TZ border, the z-axis error will already be partly expressed by
xy-plane displacement.
The landmarks in this study are not distributed randomly over the slices. The
original landmarks, mostly cysts, are spread throughout the prostate but the urethral
landmarks tend to be centrally located within a pathology slice. However, the median
TRE changed from 3.6 mm to 3.4 mm after inclusion of the additional point shaped
landmarks indicating that this is only a small effect.
A landmark’s location on the z-axis may influence the registration error as indicated by Fig. 8.3. This suggests that the proposed registration method shows lower
performance in the far base or apex. However, with only 4 landmarks in the far base or
far apex, this sample is too small to draw definite conclusions on this matter. It must
be noted that all landmarks in the far base and apex were original and point-shaped
landmarks, which in this sample also had above average TREs. The ultimate method
of validating the proposed registration method would be incorporating markers placed
in vivo that are visible in both the US model and the pathology slices. However, we
acknowledge the practical and ethical difficulties with setting up such a study. We
therefore believe that our current method of using natural landmarks is a suitable way
of showing the value of the technique. Another interesting method to reduce the mis-
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match occurring with imaging to pathology correlation is the use of patient-specific 3D
printed molds [293]. However, this method is only suitable for cross-sectional imaging
techniques such as MRI and computed tomography.
Based on our current results, we believe that our method represents an opportunity
to improve the accuracy of US imaging to pathology correlation for the purpose of
validating novel imaging techniques. However, there are several steps that can be
undertaken to improve the accuracy of the method, enhancing its potential. The
3D model of the pathology could be improved by more standardized processing of
the radical prostatectomy specimens, ensuring perfectly parallel slices of exactly equal
thickness. The slice thickness can be reduced to improve z-axis localization of tumors.
In our own institution we have started using a device that allows cutting perfectly
parallel 3 mm slices (Fig. 8.4). The holes that are caused by the needles while using
the device are visible in the pathology slides and can therefore be used to guide the
stacking of the planes. The accuracy of the 3D model of the imaging using the US
sweeps could be improved by substituting the manual base to apex sweep with a
mechanized sweep or rotation. Also, some US scanner and probe configurations allow
the acquisition of 3D volumes directly, which can remove one source of error in the
registration process [199]. The first steps in PCa detection oriented US imaging in 3D
have been undertaken [263],[J6].

Figure 8.4: Prostate cutting device used at our institution to ensure the specimen is cut in
perfectly parallel 3 mm slices. The prostate is suspended on the needles (left hand side) in
the desired orientation. The specimen is then sliced through the slits that are spaced 3 mm
apart. After each slice is cut, the needles can be retracted in 3 mm steps to allow cutting
the next slice while holding the prostate in place.

Conclusion
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Conclusion

Using the registration protocol proposed by Schalk et al., registration errors between
2D ultrasound imaging and standard pathology slices can be achieved that are smaller
than the threshold of a clinically significant tumor and smaller than the thickness of a
standard pathology plane. This signifies a marked improvement to frequently employed
methods of correlating imaging and pathology for validation purposes.

134

Clinical validation of histology-ultrasound registration

Chapter

9

Discussion and conclusion
This chapter provides a critical discussion and general conclusions of the work presented
in this thesis. Furthermore, suggestions for potential applications and future research
are given.
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In this work, improvements for CUDI as a reliable prostate cancer imaging technique
have been investigated with the aim to bring this technique closer to clinical use. In
particular, the goals of this thesis were to:
• improve the method’s accuracy,
• speed up the clinical workflow,
• and extend the clinical evidence.
Highly accessible and reliable imaging could lead to more accurate diagnosis and
patient-tailored treatment. To realize the envisaged advancements, first, mutual information was explored as a more general similarity measure for CUDI by similarity
analysis. Second, the feasibility of using 3D DCE-US for 3D CUDI and a 3D implementation of CUDI has been realized and tested in vivo. Finally, options for 3D
registration of ultrasound and histopathological data, obtained after RP, have been
explored. Each of these aspects is discussed separately in the following sections.

9.1

Mutual information

It was hypothesized that by exploring statistical connectivity between TICs in the form
of mutual information (I) the inclusion of non-linear similarity could expose more
subtle differences between TICs than r and ρ. As a result, adopting I could lead to
higher accuracy of CUDI. However, the similarity analysis by r and ρ is based on the
monotonic relation between the applied similarity measure and the dispersion-related
parameter κ, providing a physical meaning to the parametric maps provided by CUDI.
This rises the question whether this relation also holds for I. In Chapter 2, we confirm
a monotonic increase in I for increasing values of κ.
To evaluate whether using I actually leads to more accurate prostate cancer imaging, an in-vivo study in 23 patients was carried out. Mutual information was compared
with the other CUDI parameters (r, ρ, κ) and with standard perfusion parameters
(FWHM, WIT, PI, AU-TIC). Several conclusions could be drawn from the results of
this study:
• Classification performance is better when using I instead of using the measures
for linear similarity (r and ρ). However, differences are small and were not
significant in this dataset.
• All similarity parameters performed significantly better than the perfusion parameters and the CUDI parameter κ. Yet, a combination of parameters may still
add to the diagnostic value of a single one.
• The AU-ROCs found for r and ρ (0.75 and 0.74) were much lower than those
found in [132] (0.89 and 0.88). This difference may be due to the larger amount
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of patients included in this study, resulting in more accurate estimation of the
classification performance. Based on the AU-ROCs found in this study and
considering the limitations of 2D CUDI, it can be concluded that all similaritybased implementations of 2D CUDI have diagnostic value, but cannot be used
as a stand-alone diagnostic tool.
In contrast to the 2D implementation, in 3D CUDI, I did not result in better distinction
between benign and malignant tissue than r. One of the causes could reside in the
sparse representation of center TICs in the PMF due to the large set of quantization
levels (C = {0, 1, ...,Q − 1}) used to encode them. Sparsity in the PMF leads to
ineffective estimation of I. In the original implementation, Q = 64 is used for both the
central and kernel TICs. In a future implementation, a lower amount of quantization
levels for the center TIC could be considered to reduce the method’s dependency on
noise in the center TIC. In general, the settings for 3D CUDI by I should still be
optimized on a larger dataset, preferably on histopathologic data from RP specimens,
to achieve the best classification performance.

9.2

3D CUDI

In this thesis, 3D DCE-US recordings were shown to be suitable for 3D CUDI analysis.
Moreover, a significant difference in values of r between benign and malignant tissue
was demonstrated. Particularly interesting was the correlation between r and the
Gleason score, which is an important factor in treatment planning. Overtreatment is
currently a well-known problem in prostate cancer care [51], which may be reduced if
more information on the aggressiveness of a detected tumor is available.
By implementing CUDI in 3D, several limitations of 2D CUDI were taken away.
The most important advantage of 3D CUDI over its 2D counterpart is the possibility to
analyze the entire prostate with a single UCA injection. It greatly improves the clinical
applicability of the method, making it potentially a valid alternative to MRI for prostate
cancer localization. However, before the step towards the clinic can be considered,
more extensive validation by targeted biopsies and RP specimens is required.
Currently, the most widely investigated prostate cancer imaging technique is
mpMRI. The performance of mpMRI-based targeted biopsy for prostate cancer detection reported in the literature varies largely, depending on the way of interpreting
the individual parametric maps, the applied definition for significant prostate cancer,
and the adopted reference standard. In a comparison between 5 studies [71], sensitivities range from 68% to 100%, specificities from 21% to 85%. The median sensitivity
en specificity were 92% and 42%, respectively, for comparable methodology. These
values are similar to the ones (94% and 50%) found in the per-prostate analysis in
Chapter 5. It should be noted that the validation in Chapter 5 was purely quantitative and uses systematic biopsies as reference standard. Also in an earlier comparison
between 2D CUDI and mpMRI in the same patients [134], the performance of the two
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techniques did not differ much. To be able to fairly compare 3D CUDI and mpMRI, a
similar, but prognostic study should be carried out in which both techniques are tested
in the same patients.
In this thesis, the DCE-US parameters have been evaluated individually. However, because some of the parameters are based on dispersion and some on perfusion,
combining both types of complementary information in a classifier may lead to improved cancer localization. A recent study performed by our group [297] confirmed
this hypothesis. In addition, elastography could provide additional complementary
information about tumor locations. Available evidence suggests that combining several ultrasound modalities leads to improved diagnostic performance [185]. Especially
the promising initial results of SWE for prostate cancer localization [97–100] make
a multiparametric approach involving 3D DCE-US imaging and SWE an interesting
path to investigate. For similar reasons, a multimodal method combining the benefits
of the aforementioned ultrasound-based techniques with mpMRI could be interesting.
Although the advantages of the low cost and high accessibility of ultrasound imaging
are lost by adding MRI, each of the imaging techniques (DCE-US, SWE, T2WI, DWI,
DCE-MRI) reveals different aspects related to tumor formation (abnormal blood flow,
increased elasticity, extracapsular extension, different cellular architecture, decreased
water content, and increased vessel permeability). Moreover, MRI does not suffer from
some of the difficulties encountered in ultrasound imaging, such as acoustic shadowing and decreased SNR in the anterior part of the prostate. A well-designed classifier
or scoring protocol combining all imaging techniques may therefore further improve
prostate cancer diagnosis.
A hypothesized advantage of 3D CUDI over 2D CUDI is a higher accuracy due
to the 4D nature of the UCA kinetics being represented by the data. In this thesis,
CUDI profits from this property by employing a 3D kernel in the similarity analysis.
Due to the different reference standards used for validation of 2D and 3D CUDI, it is
not possible to draw a conclusion on this hypothesis based on the evidence presented
in Chapters 4 and 5. However, the AU-ROCs of r resulting from the validation of
3D CUDI for larger tumors (Table 2.1) and those found for 2D CUDI (Table 5.4) are
of the same order (0.72-0.77 vs. 0.75). The 4D data may yet be exploited further
by designing data-specific methods, for example by solving the convection-diffusion
equation in 3D or by estimating 3D flow patterns, as was recently proposed for 2D
DCE-US in [298].
Whereas the performance of r and ρ were similar in 2D CUDI, the performance
of ρ in 3D CUDI was much worse than that of r. An explanation for this finding
could reside in the fact that by using the frequency spectrum, only half of the amount
of data points can be used to compute ρ compared to the number of data points
available to compute the temporal correlation r. Given the limited temporal resolution
of 3D DCE-US (≈0.25 s-1 ), a robust estimation of ρ is not possible. It is therefore
not recommended to use ρ for 3D CUDI. Surprisingly, the AU-ROCs for the WIT in
TICs obtained by 3D DCE-US are similar to those of r, although this result is not
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supported by the 2D analysis. Taking into account the low volume rate of 3D DCEUS, this finding is even more remarkable. Further investigation is required to find an
explanation for this result.
While it is not possible to compensate for out-of-plane motion in 2D DCE-US
imaging, the step towards 3D DCE-US enables motion compensation in all directions.
The CUDI analyses were performed without applying any motion compensation. As
a result, the clinicians were required to keep the transducer stable in a fixed position
relative to the prostate for 2 minutes while imaging. Even for very skilled operators,
such a task may be challenging. Besides, a recording can be corrupted by patient
movement. To improve the accuracy and to make 3D CUDI more accessible for lessexperienced centers, motion compensation should be considered as a part of future
implementations.
In Chapter 3, the speckle size in 2D and 3D DCE-US recordings was determined
as a measure of spatial resolution. The speckle size found for the axial direction was
the same in 2D and 3D DCE-US imaging. This result can be expected, since the axial
resolution is mainly determined by the ultrasound pulse length. The lateral speckle
size can be approximated by a linear function of the distance from the transducer
(Fig. 3.2). In contrast to the speckle size in the axial direction, the lateral speckle
size in 3D DCE-US recordings was 1.5 to 2 times larger than that in 2D. In this case,
spatial resolution may have been traded for temporal resolution by decreasing the line
density (Table 3.1). The speckle size in 3D DCE-US imaging was approximately the
same in the lateral and elevational direction. The values found in the speckle analysis
for 2D DCE-US are similar to those found in [133].
One of the preprocessing steps in 2D and 3D CUDI is a speckle regularization filter
applied to the entire DCE-US sequence. Also, because the values in the kernel of this
filter have to be recomputed per position in the DCE-US image, the computational
load of this step is large. The aim of the filter is to prevent a bias in similarity values
caused by the depth-dependency of the lateral spatial resolution of the ultrasound
imaging system. However, the SNR is lower at longer distance from the probe due to
ultrasound attenuation in the prostate tissue. The resulting lower similarity values are
not compensated for. To reduce the computational cost caused by the speckle filter and
to compensate for attenuation, it may be beneficial to investigate the combined effect
of spatial resolution and attenuation on the final CUDI maps. Instead of applying a
speckle filter to the entire DCE-US sequence, a depth-dependent compensation factor
may then be applied to the parametric maps.
In a recent publication [299], the feasibility of transabdominal DCE-US for TIC
fitting has been investigated. Quality of fits in transrectal and abdominal DCE-US
data were comparable. In this context, it could be interesting to apply abdominal DCEUS for 3D CUDI in the prostate. The ability of focusing in the elevational direction
and the possibility of receive beamforming techniques of matrix transducers could
lead to a better spatial or temporal resolution, respectively [300], possibly allowing
more accurate assessment of the UCA kinetics. In addition, abdominal imaging is
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less invasive than TRUS, adding to the patient’s comfort. On the downside, dealing
with motion may be more challenging when using abdominal ultrasound and the lower
signal-to-noise ratio at the posterior side of the prostate, which is further away from
the transducer in abdominal imaging, may hamper tumor detection in the PZ.
The studies presented in this thesis focus on prostate cancer. However, CUDI aims
at detecting tumors featuring angiogenic growth, which also occurs in other organs,
such as the liver or the breast [301]. Against this background, a possible role for 3D
CUDI in cancer diagnosis in those organs could be envisaged.
Although it is hypothesized that CUDI reveals angiogenesis, this hypothesis has
not yet been proven. Until now, CUDI has been compared with histopathology based
on cell differentiation. To evaluate the missing link between CUDI and angiogenesis,
several options can be considered. In one approach, CUDI could be validated against
immunohistology [162]. In a small study, several DCE-US parameters, including the
CUDI parameter ρ, were tested against immunohistology in 14 mice injected with
xenograft models of two human prostate cancer types with different microvascular
distribution [302]. Both by immunohistology and CUDI, the two tumor types could be
distinguished, indicating a relation between the miscrovascular distribution and CUDI.
However, the process of obtaining immunohistology is quite expensive. Alternatively,
one of the recently developed angiographic imaging techniques [303, 304] could serve
as a ground truth. Not long ago, a study has been launched as part of a collaboration between our group and the University of North Carolina, comparing CUDI and
angiography in xenograft mouse models. Initial results based on 3 mice suggest the
existence of a correlation between angiogenesis and CUDI [305].
Another hypothesis still to be proven states that dispersion rather than perfusion
is the most relevant parameter for angiogenic imaging. In this thesis, the parameter
(directly or indirectly) assessed by CUDI is κ = v 2 /2D, in which v and D represent the
local blood velocity and dispersion, respectively. Although the name of the method
suggests that dispersion is imaged, in fact, a combination of v and D is evaluated.
In recent work [306], an alternative approach to CUDI is presented by which v and D
can be separated using Wiener system identification. Results from this study, including
25 patients, show that both v and D may contain diagnostic value.

9.3

Ultrasound-histology registration

To reduce inter-observer variability inherent to region-based validation and to allow
inclusion of smaller tumors, a method for validation of prostate cancer imaging techniques by histopathologhy after RP has been proposed. The method includes a 3D
reconstruction of tumors outlined in histology slices and an elastic registration algorithm fusing them with imaging. For validation of 2D imaging, cross sections of the 3D
registered tumors can be merged with the imaging plane. Additionally, a full 3D ground
truth is available for validation of 3D imaging. Because the method is shape-based and
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Figure 9.1: Schematic drawing (left) and picture (right) of the device designed for accurate
slicing of radical prostatectomy specimens.

does not rely on the underlying imaging modality, also applications in MRI-histology
fusion for validation of MRI of prostate cancer, and ultrasound-ultrasound fusion for
biopsy guidance can be considered.
When using a standard histology slicing thickness of 4 mm, the expected interpolation error lies within 1.5 mm. The registration error strongly depends on the position
in the prostate, but in most cases errors remain below 4 mm with a median registration
error around 2 mm. The threshold for clinical significant cancer is often defined at
0.5 cm3 [12], which yields a diameter of 10 mm assuming a spherical tumor shape.
With a cumulative error of 3.5 mm, significant cancers can be validated by the ground
truth obtained by this method. However, registration errors do not necessarily add to
and could even compensate for some of the interpolation errors.
The presented method does not yet provide a complete validation framework.
Some of the steps required in the process have not yet been extensively investigated and
require optimization. In the simulations presented in Chapter 6, especially accurate inplane alignment of the slices proved to be important. Additional errors are introduced
when slices have irregular thickness or are cut under different angles. In the prostate
models used in this thesis, slices were aligned manually. Because this approach is
prone to the aforementioned errors, a dedicated cutting device has now been designed
for accurate histology reconstruction (Fig. 9.1). The same landmark template can be
created throughout the prostate by puncturing it with parallel needles guided by the
holes in the front plates. The prostate is then cut into 3-mm thick parallel slices using
the equally spaced slots. The holes left by the needles can easily be annotated, after
which automatic reconstruction of the histology model is possible. Apart from inserting
the needles, no additional steps interfering with clinical routine are required. In future
studies, the device can be used for more accurate histology model construction to
reduce registration errors.

142

Discussion and conclusion

The ultrasound prostate models used in Chapters 7 and 8 are constructed by
manually estimating the angle between the first and last frames in transversal sweep
videos on which the models are based. Also, the center of rotation can be manually
adjusted. All parameters are estimated by visual comparison of the model with the
prostate contour in a sagittal ultrasound image. This process is rather arbitrary and
affects the registration error. Recently, a different approach has been tested in which
a 3D TRUS dataset is constructed from 2 perpendicular TRUS sweep videos. In a
frame of a sagittal video, the intersection lines with frames of a transversal video
are estimated by maximizing the Pearson cross-correlation between image intensities.
In this way, the individual frames of the sweep videos can be positioned in 3D to
obtain a full 3D TRUS dataset. Preliminary validation in 4 patients by comparing
the reconstructed 3D TRUS dataset with those obtained by a 3D TRUS transducer
resulted in an average Jaccard index of 0.79. This work has been presented in [IC4].
In an unpublished test, 6 natural landmarks were defined in both 3D TRUS sets of
one patient. After rigid registration by minimizing the root-mean-squared distance
between corresponding landmarks, a submillimeter residual was left. If imaging by 3D
TRUS is not possible, this technique could be considered for accurate 3D construction
of 2D TRUS data without the need for additional sensors to track probe movement.
For validation of 2D TRUS-based prostate cancer imaging, the imaging plane
should be registered with the reconstructed 3D TRUS image. This step introduces
another registration error which should be taken into account. Registration could
be realized manually or automatically, for example by optimizing the similarity (e.g.,
cross-correlation or mutual information) between image intensities in 2D B-mode and
3D TRUS.
The prostate models require the prostate contour to be known from the ultrasound
and histology data. Whereas the number of contours to be drawn in histology slices
is limited, drawing contours in a full 3D TRUS dataset can be quite time-consuming.
Moreover, the contours can be unclear due to shadowing and ambiguous boundaries
in the TRUS image. Adoption of one of the many available (semi-)automatic prostate
segmentation techniques [307] can save time and reduce the inter-observer variability.
In Chapter 8, the largest registration errors were encountered in the base and the
apex. Several reasons can explain this finding. The histology was sliced from based to
apex by which the basal and apical caps are removed. Since the caps were not included
during model reconstruction, the size and shape of the caps had to be estimated
afterwards and added to the model. Moreover, in TRUS the prostate contours at the
base are difficult to define due to the presence of the seminal vesicles and the contours
at the apex are often hard to distinguish from the surrounding tissue. These obstacles
confirm the need for more accurate reconstruction of the histopathology and more
reliable prostate segmentation. Furthermore, an error in the rotational misalignment
between prostate models estimated during the affine registration introduces larger
errors at the boundaries of the prostate than in the middle.
In the current implementation of the registration method, the prostate was treated
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as a mechanically homogeneous medium. In reality, the TZ is generally stiffer than the
PZ and tumors are stiffer than healthy tissue. By incorporating this knowledge in the
registration algorithm, registration errors may be further reduced. To this end, the 3D
tumor shapes found by the interpolation method discussed in Chapter 6 can be used.
However, defining the zonal anatomy would still require dedicated segmentation.

9.4

General conclusion

A small improvement in the accuracy of 2D CUDI was realized by applying mutual
information as a similarity measure. Clinical evidence for the performance of 2D CUDI
was extended by validation in a larger patient group. However, the results do not justify
independent employment of the method for cancer diagnosis. A strong improvement
in the clinical applicability of CUDI was realized by extending it to 3D. Results from a
validation study with systematic biopsy suggest the classification performance of 3D
CUDI to be similar to that of 2D CUDI and mpMRI. Moreover, 3D CUDI provides
information about tumor aggressiveness. When a larger 3D DCE-US dataset including
3D histology becomes available, the current implementations of 3D CUDI could be
further improved, e.g., by optimizing the length of the time window, by adjusting
the number of quantization levels used to compute I, or by implementing a spatial
filter compensating for attenuation effects. A combination of 3D CUDI with other
ultrasound-based parameters or mpMRI could also be considered to achieve more
accurate diagnosis. Additionally, a 3D registration method was realized fusing prostate
models reconstructed from histology and imaging. The resulting registration errors
were well below the diameter of clinically significant tumors. This method enables more
accurate and more objective validation of CUDI and other prostate cancer imaging
techniques in future studies by using 3D histopathology from RP specimens as reference
standard.
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