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Abstract

Purpose Artificial intelligence (Al) has the potential to improve diagnostic imaging on multiple levels. To develop
and validate these Al-assisted modalities a reliable dataset is of utmost importance. The registration of imaging to
pathology is an essential step in creating such a dataset. This study presents a comprehensive framework for the
registration of 3D transrectal ultrasound (TRUS) to radical prostatectomy specimen (RPS) pathology.

Methods The study enrolled patients who underwent 3D TRUS and were scheduled for radical prostatectomy. A
four-step process for registering RPS to TRUS was used: image segmentation, 3D reconstruction of RPS pathology,
registration and ground truth calculation. Accuracy was assessed using a target-registration error (TRE) based on
landmarks visible on both TRUS and pathology.

Results 20 Sets of 3D TRUS and RPS pathology were included for analyses. The mean TRE was 3.5 mm, (range: 0.4 to
54 mm), with TRE values in the apex-base, left-right and posterior-anterior directions of 2.5 mm, 1.1 mm, and 1.4 mm,
respectively.

Conclusion The framework proposed in this study accomplishes precise registration between prostate pathology
and imaging. The methodologies employed hold the potential for broader application across diverse imaging
modalities and other target organs. However, limitations such a small sample size and the need for manual
segmentation should be considered when interpreting te results. Future efforts should focus on automating key steps
to enhance reproducibility and scalability.
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Introduction

Imaging plays an increasingly important role in prostate
cancer (PCa) diagnostics. Prostate magnetic resonance
imaging (MRI) prior to prostate biopsy is currently the
standard of care for patients with a clinical suspicion for
PCa [1]. While MRI has greatly improved the diagnostic
pathway for PCa, it still has certain limitations related to
diagnostic accuracy, availability, cost, and interobserver
agreement [2, 3].

As a result, various methods to improve prostate imag-
ing are being investigated. These methods are related to
advancements in MRI performance and efficiency, as well
as the exploration of alternative imaging modalities such
as transrectal ultrasound (TRUS) and prostate-specific
membrane antigen (PSMA) positron emission tomogra-
phy (PET)-based modalities [4—6]. An area of particular
interest is the integration of artificial intelligence (AI)
into the diagnostic process, which shows potential in
improving diagnostic accuracy, reducing interobserver
variability, and addressing time-intensity concerns [7-9].

Regarding TRUS as an alternative modality, the multi-
parametric approach shows promise. This approach com-
bines information from different ultrasound modalities,
including Brightness-mode (B-mode), contrast-enhanced
ultrasound (CEUS), and shear wave elastography (SWE).
Machine learning (ML) techniques have emerged as a
valuable tool for integrating and extracting information
from these ultrasound modalities [5, 8, 10].

In recent developments, the availability of 3D TRUS
has provided further support to these advancements. The
capability of imaging the entire prostate gland in a single
scan offers evident advantages for the clinical workflow
[11-13]. (3D) TRUS-based imaging may be advantageous
over MRI due to its cost-effectiveness and wider avail-
ability, although its value in clinical practice for PCa diag-
nosis is not yet established [5].

Ongoing research aims to develop AI methods to
detect PCa on different imaging modalities [11]. For
development and validation of such methods, a reliable
ground truth is required [14]. The best way to obtain
this ground truth is through correlation of pre-surgical
in-vivo imaging with pathology slides obtained from
radical prostatectomy specimens (RPS) [15]. The pathol-
ogy slides contain information on the localization and
characterization of cancerous tissue, which can then be
mapped onto the corresponding images recorded in-vivo.
However, correlation of pathology to imaging (i.e., regis-
tration) poses several challenges.

Following surgery, the RPS is fixated in formalin and
sliced into slices of approximately equal size, which are
then used to create pathology slides for evaluation by a
pathologist. Due to variation in slice thickness, differ-
ences between pathology and imaging slice orientation,
and RPS deformation, pathology and imaging slices
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cannot simply be overlaid for correlation [16]. For MRI,
multiple registration approaches using open-source ML
algorithms have been proposed that reach fairly high
levels of accuracy [15, 17]. These approaches cannot be
applied to TRUS due to a different slice orientation and
prostate deformation due to the pressure applied by the
ultrasound probe on the prostate [16].

Previous work has shown promising results using affine
and elastic, surface-based registration for in-vivo regis-
tration of 2D TRUS with RPS pathology, with a mean tar-
get registration error (TRE) of 2.1 mm [18]. However, the
validation was limited to a small cohort of seven patients.
In contrast, the current study employs a larger dataset
and uses 3D TRUS, providing a more robust validation.
This paper presents a new framework for the registration
of 3D TRUS with 3D RPS pathology and reports on its
in-vivo validation. Although the framework is primarily
developed for TRUS, it proposes several innovative tech-
niques that can potentially facilitate accurate registration
of pathology across different imaging modalities.

Methods

The cohort consisted of patients planned for radical pros-
tatectomy (RP) because of biopsy-proven PCa, prospec-
tively included in a multicentre study. The trial protocol
for this study has been published [11]. The framework
for TRUS-pathology registration can be separated in four
steps (1) TRUS acquisition and segmentation (2) RPS
pathology handling and 3D reconstruction, (3) TRUS-
pathology registration and (4) calculation of ground
truth. A summary of the data acquisition and handling
process is visually represented in Fig. 1.

Three-dimensional transrectal prostate ultrasound
acquisition and segmentation
The ultrasound acquisition protocol has been previ-
ously described in detail in the published trial protocol
paper [11]. In brief, all examinations were performed
using a LOGIQ™ E10 ultrasound system equipped with
an RIC 5-9D 3D endocavitary probe (GE Healthcare,
Chicago, IL, USA). Automatic 120° volumetric sweeps
captured B-mode, shear-wave elastography, and contrast-
enhanced images (Fig. 2). A custom fixture secured the
probe to ensure stable acquisition (Fig. 3).

Acquisition settings were standardized to ensure
consistency and reproducibility across all imaging
modalities.

B-mode Gain was set at 55 dB with a dynamic range
of 69 dB. Depth was adjusted according to prostate size.
The transducer frequency was 9 MHz, with a mechanical
index (MI) of 1.30 and power level at 100%.
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Fig. 1 (See legend on next page.)
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Fig. 1 Summary of data acquisition, registration process and accuracy calculation. (1) Ultrasound Imaging: Transversal views of CEUS and B-mode scans
are shown without segmentation (1a) and with segmentation of anatomical structures (1b). (1c) displays the 3D prostate model generated from ultra-
sound-based segmentation. (2) Pathology Slides: Pathology data includes the parasagitally divided apical slice (2a) and whole-mount slides spanning
from apex to base (2b and 2c). (2d) demonstrates the 3D prostate reconstruction derived from the pathology slides. Note the clearly discernable land-
mark (BPH nodule) visible in both the TRUS scan and the pathology images (1b and 2b). (3) Registration: The registration process is illustrated with blue
tension lines representing alignment losses. (4) Ground Truth: Sparse, binary ground truth data is presented, where white indicates benign tissue and
orange indicates malignant tissue. (5) Accuracy Calculation: The accuracy of the process is calculated and summarized. BPH = Benign Prostate Hyperplasia,
CEUS =Contrast-Enhanced Ultrasound, RPS=Radical Prostatectomy Specimen, TRUS =Transrectal Ultrasound

CEUS Gain was set at 55 dB with a dynamic range of 42
dB. Depth was adjusted according to prostate size. The
transducer frequency was 3.5 MHz, with an MI of 0.10
and a power level of 10%. At the start of the acquisition,
a standardized bolus of 2.4 mL of contrast agent (Son-
oVue; Bracco, Geneva, Switzerland) was administered
intravenously, followed by a 10 mL saline flush. The vol-
ume frame rate was set at 1 volume per second to capture
dynamic contrast perfusion. The total CEUS acquisition
time was 2 min.

The 3D SWE mode is performed using a pre-pro-
grammed macro feature on the ultrasound machine, cap-
turing 25 SWE images at 5° intervals across a 120° sweep
from the basal to the apical side of the prostate. Imaging
parameters were set to optimize signal quality, with a
gain of 15 dB, a dynamic range of 20 dB, a power level
of 100%, and MI of 1.4. The transducer operated at a fre-
quency of 9 MHz.

Further details on the acquisition protocol are provided
in the published trial protocol paper [11].

Image processing consisted of manual segmentation of
anatomical structures, using a segmentation tool devel-
oped specifically for this study by Angiogenesis Analytics
(AA, ‘s-Hertogenbosch, the Netherlands). Segmentations
were performed by AJ or AP, with respectively 4 and 8
years of experience with TRUS. Standard segmentation
consisted of the prostate border, the border between
peripheral zone (PZ) and transitional zone (TZ), and
the urethra. Additional segmentation of other anatomi-
cal structures (utriculus and ejaculatory ducts) and land-
marks (e.g., calcifications and cysts) were only performed
when clearly visible on both ultrasound and pathology.

Radical prostatectomy pathology

Radical prostatectomy specimen handling

RPS handling was performed according to a study spe-
cific protocol [11]. To facilitate accurate 3D pathology
reconstruction and subsequent registration to TRUS,
certain steps were included in the protocol. Prior to fixa-
tion in formalin, four intravenous cannulas were inserted
in four different quadrants of the RPS from apex to base.
After at least 24 h of fixation in formalin, the cannulas
were removed, the RPS was cut into 4-mm thick slices
from apex to base using the TruSlice specimen cut up
system (CellPath Itd, Newtown, UK) and a photo of the
gross pathology slices was captured. The most apical and

basal slice were further divided parasagittally in 4-mm
strips. Pathology slides were cut at 4-um thickness from
the gross pathology slices using a microtome and scanned
on high resolution (40x enlargement, 20x objective, 2.1
camera lens) with a Pannoramic 1000 Digital Slide Scan-
ner (3DHISTECH, H-1141 Budapest, Hungary). Digital
pathology slices were annotated according to study pro-
tocol by a pathologist using a web-based pathology anno-
tation tool (Slidescore, Amsterdam, the Netherlands) [11,
19]. Apart from cancerous areas, the annotation protocol
also included the same anatomical structures and land-
marks segmented on TRUS.

Three-dimensional pathology reconstruction

After annotation, pathology slides were overlaid on the
gross image of prostate slices. The gross prostate slices
with overlay were then stacked to create a 3D pathology
model. The needle holes resulting from the intravenous
cannulas were used to prevent rotational and transla-
tional errors between the slices. Shrinkage of histopa-
thology slides could be compensated for up to 10%. The
apical pathology slices were sequenced from left to right,
checked for anterior and posterior orientation, and fitted
on the most apical gross prostate slice. The parasagittal
pathology slides from the most basal (or bladder neck)
slice were not included in the reconstruction.

Registration of pathology to ultrasound images

The registration is defined by both a rigid and a non-rigid
transform. By applying first, the rigid, and then the non-
rigid transform, the pathology slides are mapped onto
the TRUS images, minimising the distance between the
visible anatomical structures in both domains. The reg-
istration procedure compensates for in-vivo deformation
of the prostate caused by pressure from the ultrasound
probe, as well as ex-vivo deformation resulting from the
excision of the prostate and subsequent fixation in forma-
lin [20]. The full registration algorithm was implemented
and visualised in a registration tool (developed by AA),
with the individual steps indicated in Fig. 4.

Compensation for probe deformation

During TRUS acquisition, the prostate is deformed in-
vivo due to pressure applied by the probe. As this is not
present in the pathology slices, compensation of this
deformation is required for accurate registration. This is



Jager et al. BMC Urology (2025) 25:73

Page 5 of 10

3D B-mode #1

3D SWE

3D B-mode #2

4D CEUS 3D B-mode #3

Image acquistiontime = 4:36

Image acquistiontime = 3:18

I IV administration of UCA bolus I

Fig. 2 Image acquisition sequence including acquisition time per ultrasound modality. Note that three separate 3D B-mode acquisitions are performed.
These can be used for motion detection and compensation. B-mode =Brightness-mode, CEUS = Contrast Enhanced Ultrasound, SWE = Shear Wave Elas-

tography, IV=Intravenous, UCA = Ultrasound Contrast Agent

Fig. 3 probe fixture. The probe fixture is attached to the DIN-rail and is used to fix the ultrasound probe in a position to ensure optimal and stable image

acquisition

done by modelling the deformation effect of the probe
on homogeneous tissue based on a 3D scan of the probe.
The inverse of this deformation is then applied to the 3D
ultrasound segmentations.

Rigid registration

The rigid registration process aligns the reconstructed
prostate pathology with the ultrasound scan domain
using translation, rotation, and scaling factors. Transla-
tion and rotation parameters position the prostate in the
correct spatial orientation, while scaling factors adjust
for slice thickness variations and tissue shrinkage during
fixation.

Initially, the centers of the prostate boundaries in the
ultrasound and pathology domains are aligned along the
left-right, anterior-posterior, and apex-base axes. The
alignment is refined using an iterative closest point (ICP)
algorithm, which pairs anatomical points in the pathol-
ogy domain with their nearest counterparts in the ultra-
sound domain. The algorithm minimizes discrepancies
between these paired points by calculating a total loss
(cost function), defined as the weighted root mean square
error (RMSE) of distances across all structures.

To address uncertainties in the apex-base axis due to
the exclusion of basal pathology slides, an additional loss
term accounts for differences between the desired and
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Fig. 4 Registration flowchart. GT=Ground truth

actual base heights. Operators can manually fine-tune
parameters such as loss weights, base height, and slice
shear to optimize alignment. The blue ‘tension’ lines in
the registration section of Fig. 1 present a visual repre-
sentation of the point-pairs. Visual inspection of these
“tension lines” helps ensure consistency, with adjust-
ments reviewed by a second operator to reach consensus.
The process concludes when the loss values stabilize, and
no further improvements are identified.

Non-Rigid registration

Non-rigid registration refines alignment by compensat-
ing for local tissue deformations after rigid registration.
Using the Finite Element Method (FEM), the scan space
is divided into a 2 mm grid, and deformation of the grid
is applied to optimize the registration by minimizing the
RMSE loss between paired points. Modeling tissue elas-
ticity, this step also enforces minimal deformation.

The optimization process iteratively improves the
registration for minimal deformation until either the
improvement between iterations becomes negligible or a
set maximum number of iterations is reached. This step
is fully automated and does not require operator input.
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Calculation of ground truth

Applying both the rigid and non-rigid transforms, the
pathology annotations are mapped onto the 3D ultra-
sound scan space which was compensated for probe
deformation. Therefore, the last step consists of apply-
ing the probe deformation to the annotations. Voxels
lying inside the registered slides can now be assigned as
either malignant or benign, based on the pathology anno-
tations. Note that this does not provide any informa-
tion on the voxels lying in between the pathology slides.
Interpolation techniques are applied to the voxels lying in
between the pathology slides to assign each of these with
a probability of their being malignant.

Patient selection

This cohort was derived from patients included in a
separate multicentre study [11], in which patients were
prospectively enrolled. All patients scheduled for radi-
cal prostatectomy at participating centres due to biopsy-
proven prostate cancer were eligible for inclusion. For the
current study, we selected a subset of patients who exhib-
ited clearly distinguishable landmarks in both the pathol-
ogy and ultrasound scan domains, which were necessary
for assessing registration accuracy. The validity of these
landmarks was determined by consensus between two
independent observers (AJ and AP).

Registration accuracy
In order to calculate the target-registration error (TRE),
the registration was performed with deliberate exclusion
of the landmark as an input to the optimization algo-
rithm, thereby mitigating its potential influence on the
registration outcome. The landmarks could then be used
to calculate the TRE between pathology and ultrasound.

Following registration, each landmark annotation on
the pathology slides results in a group of registered land-
mark voxels in the ultrasound scan domain, of which the
outer points were extracted. Subsequently, an ICP algo-
rithm, similar to the one used in the registration process,
was employed to obtain a translation that minimises the
difference between the transformed outer voxel points
and points on the landmark contour(s) obtained from the
scan. To establish point pairs, the untransformed outer
voxel point was paired with the point on the landmark
contour lying closest to the translated outer voxel point.
The TRE was then defined as the mean of the Euclidean
distances between these point pairs. The magnitude of
the TRE in the apex-base (AB), left-right (LR) and pos-
terior-anterior (PA) axes only was also evaluated by pro-
jecting the distances onto each axis.

The TRE was determined for each patient, and the
overall registration accuracy was subsequently expressed
as the mean of these TREs.
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Results

The total cohort consisted of 126 eligible patients, 20
of whom exhibited a clearly discernible landmark and
were included in the registration accuracy analysis. The
median prostate volume was 46.7mL (range 28.62—
133.06). The identifiable landmarks on both imaging and
pathology were predominantly cysts (n=9) and calcifi-
cations (#=9), with two additional cases of a clearly vis-
ible benign prostate hyperplasia (BPH) nodule observed
on both ultrasound and pathology. A visualization of all
ultrasounds, pathology slides, and registrations, includ-
ing their corresponding landmarks, is provided in Sup-
plementary Materials 1.

The overall registration accuracy, measured as the
mean Target Registration Error (TRE), was 3.5 mm
(range: 0.4-5.4 mm), with directional TRE values of
2.5 mm (apex-base), 1.1 mm (left-right), and 1.4 mm
(posterior-anterior). Table 1 provides an overview of the
per-patient TRE values and the types of landmarks iden-
tified. To evaluate potential confounding factors for TRE,
a multivariate regression analysis was performed, incor-
porating prostate volume and landmark type. The analy-
sis revealed a slight positive correlation between prostate
volume and TRE, suggesting a trend toward higher TRE
in larger prostates. However, this association was not sta-
tistically significant (p=0.179). Likewise, calcifications
as landmarks showed a non-significant increase in TRE
(p=0.560).

Table 1 Per patient TRE
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Discussion

Current guidelines recommend prostate MRI for men
suspected of having PCa. While MRI has undoubtedly
improved the diagnostic pathway for PCa, it is not with-
out limitations, including variable diagnostic accuracy,
interobserver variability, high cost, and limited availabil-
ity [2, 3]. With population-based prostate cancer screen-
ing on the horizon, it is important to address potential
challenges. The European Association of Urology (EAU)
proposes a risk-adapted early detection strategy involv-
ing PSA testing for men aged 50 and older. If PSA levels
exceed 3 ng/mlL, further risk stratification using patient
characteristics and a risk calculator is followed by pros-
tate MRI if needed. A recent randomized study demon-
strated MRI’s selective power, as biopsies were avoided in
64.5% of men with negative MRIs (PI-RADS <2). How-
ever, among those with positive MRIs (PI-RADS>3),
only 39% had clinically significant cancer, underscoring
MRI’s limitations regarding specificity [21].

The success of MRI in this context depends on its high
negative predictive value (NPV) to avoid missing high-
risk cancers. While high NPVs have been reported in
specialized centres, general practice shows variability in
MRI quality and radiologist expertise, potentially affect-
ing screening outcomes across different regions and cen-
ters in a population-based program [22].

Multiparametric 3D TRUS offers a promising alter-
native, being relatively cost-effective, widely accessible,

Prostate volume (mL) Landmark TRE TRE (AB) TRE (LR) TRE (PA)
1 133.06 Cyst 52 4.2 1.0 2.1
2 2839 Calcification 1.9 1.5 0.2 0.1
3 3346 Calcification 42 3.1 13 2.2
4 59.08 BPH nodule 2.5 13 0.8 18
5 88.54 Calcification 54 4.4 0.5 24
6 3572 Calcification 53 36 29 20
7 80.15 Cyst 2.8 22 09 04
8 4593 Calcification 38 26 14 2.0
9 4597 Cyst 04 0.1 0.0 03
10 90.11 Cyst 43 25 1.6 30
1M 76.87 Cyst 2.3 0.6 2.1 03
12 2836 Cyst 3.1 26 0.7 0.8
13 62.10 Calcification 1.6 0.5 14 03
14 100.10 BPH Nodule 46 34 04 32
15 4743 Calcification 43 35 06 1.1
16 28.75 Calcification 1.7 1.2 0.9 0.9
17 2535 Cyst 5.1 3.8 2.0 34
18 47.70 Cyst 39 35 0.7 0.1
19 28.62 Calcification 49 39 15 14
20 2729 Cyst 24 1.0 19 09
Mean 5792 - 35 25 1.1 14
Median 46.7 39 26 0.9 1.3

TRE=target registration error, AB=pex-base, LR=left-right, PA=posterior-anterior, BPH=benign prostatic hyperplasia
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and, when combined with Al, mitigating issues related
to interobserver variability [11]. A fully Al-integrated
workflow could enable automated cancer detection on
TRUS imaging, serving as a computer-aided diagnos-
tic tool in early detection programs to identify patients
for prostate biopsy. Given that TRUS is also the imaging
modality used for needle guidance during biopsy, this
integration would facilitate direct targeting of suspicious
lesions, reducing the targeting errors commonly associ-
ated with MRI-targeted biopsy. Furthermore, Al-driven
segmentation and registration algorithms could enhance
the accuracy and reproducibility of TRUS-pathology
correlation, reducing interobserver variability. Machine
learning models trained on large-scale datasets could
also improve lesion characterization, potentially distin-
guishing between clinically significant and insignificant
prostate cancer. These advancements could make TRUS
a more viable and accessible alternative to MRI, par-
ticularly in settings with limited imaging resources. In a
screening setting, multiparametric 3D ultrasound could
serve as a replacement for MRI, especially in regions
with limited MRI accessibility, or as a complementary
modality. It could be used to pre-select patients for MRI,
thereby reducing the overall MRI burden, or be per-
formed alongside MRI to enhance diagnostic selectivity
and accuracy.

However, developing a reliable Al-assisted ultrasound-
based diagnostic tool for PCa diagnostics requires the
creation of an accurate ground truth, which relies on pre-
cise registration between TRUS imaging and pathology.

The registration of RPS pathology to prostate imaging
poses a considerable challenge, particularly in the context
of TRUS. The current study presents a comprehensive
framework for accurate registration of RPS to 3D TRUS,
with a mean TRE of 3.5 mm based on 20 patients with
clearly discernable landmarks. While there is no con-
sensus on the maximum acceptable registration error,
clinically significant PCa lesions are generally considered
to have a volume of >0.5 cm?, which corresponds to a
diameter of 10 mm, assuming to lesion is spherical [16].
Therefore, we should aim to have a registration error
below 10 mm.

This study makes significant advancements compared
to existing literature in several areas.

Prior research has demonstrated the feasibility of reg-
istering pathology to ultrasound with acceptable levels
of accuracy [18]. Our study builds upon this foundation
by employing a larger dataset and a more comprehen-
sive methodology. Notably, our study represents the first
use of 3D acquired TRUS imaging, as opposed to rely-
ing on a 3D reconstruction from handheld 2D transver-
sal sweeps. To ensure precise 3D RPS reconstruction,
we implemented needle placement prior to RPS fixa-
tion, effectively preventing transitional and rotational
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Table 2 This table illustrates the effect of landmarks on the
TRE. The values within the parentheses indicate change in TRE
resulting from the integration of a landmark into the registration

procedure

TRE TRE (AB) TRE (LR) TRE (PA)
1 4.9 (-0.6) 3.6 (-0.8) 0.6 (+0.1) 26(+0.2)
2 2.7(-1.2) 23(-1.2) 0.6 (-0.1) 04(+0.2)
3 2.3(-23) 0.9 (-2.5) 0.7 (+0.3) 12(-20)

TRE=target registration error, AB=apex-base, LR=left-right, PA=posterior-
anterior, BPH=Dbenign prostatic hyperplasia

errors. Furthermore, to aid the registration, we included
compensation for the probe deformation. Although sev-
eral assumptions and simplifications had to be made to
model the deformation, it has shown to be a valuable
addition to the registration process. Furthermore, while
the use of anatomical structures for improving registra-
tion accuracy has generally been limited to the prostate
border and urethra [15, 16, 18]. Based on our experience
the addition of the border between PZ and TZ is feasible
for most patients and is highly useful during registra-
tion. Although the visibility of ejaculatory ducts can vary
(7 out of 20 cases in our dataset), when available, they
offer valuable information during registration. When
using ultrasound as the imaging modality, it is impor-
tant to note that these ducts are generally only visible
on CEUS and not on conventional B-mode. Addition-
ally, landmarks had to be excluded from the registration
to be able to calculate accuracy, but when included, they
can provide information on slice and base thickness, and
thus have a potential to improve accuracy. In our set of
20 patients, we had 3 patients with 2 landmarks available.
For these patients, we repeated the registration but this
time including the landmark that had not been used for
validation. The new results and their differences com-
pared to the old results are shown in Table 2.

This is a very small set of patients and therefore cau-
tion should be taken with any conclusions. However, all
patients showed a significant overall improvement by
inclusion of a landmark in the registration, especially in
the apex-base direction.

Lastly, our study demonstrates the feasibility of includ-
ing parasagittally cut apical slides in the pathology recon-
struction, which has not been previously described due
to the complexities involved in reconstruction [16]. These
slides offer valuable information, as they often contain
PCa lesions [23]. In fact, in our dataset, 75% of patients
(15 out of 20) exhibited some form of prostate cancer in
the apical pathology slides, underscoring the importance
of including these slides in a ground truth dataset.

To optimize registration accuracy, several actions
were taken during the handling of prostate specimens. A
commercially available cutting device was employed to
ensure uniform thickness of pathology slices, and needle
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placement prior to fixation facilitated proper stacking of
the slides after slicing.

The biggest uncertainty in the registration is in the
apex-base axis, as we have the least information in that
direction. To add further complexity, since the length of
the prostate from apex to base may not be evenly divis-
ible by 4, and the prostate is cut from apex to base, the
thickness of the most basal slide often differs from the
other slices. Although the inclusion of the apical slides
aids in appropriately positioning the whole-mount slices
from apex to base towards the apex, the most basal slides
(i.e., bladder neck) were not included in the reconstruc-
tion process. The decision to exclude these slides stems
from several factors. Firstly, the basal slice is typically
larger than the apical slice and is cut thicker to facilitate
the evaluation of extracapsular extension. Consequently,
pathology slides originating from the basal slice are
numerous and often need to be further divided to fit into
pathology cassettes.

Moreover, the identification of the prostate border
becomes more challenging in the vicinity of the urethra
and seminal vesicles, further complicating the recon-
struction of the basal slide. Additionally, it is worth men-
tioning that the incidence of prostate cancer in the base is
generally low, further justifying the exclusion of the basal
slide from the reconstruction process [24].

[25]. However, this leaves a significant range of possi-
ble values for the slice and base thicknesses, with the final
chosen value dependent on the operator. This is reflected
in our TRE calculations, which show that the TRE in the
apex-base direction is twice as large as in the left-right
and posterior-anterior directions.

Several limitations should be acknowledged in this
study. Firstly, the small sample size limits the generaliz-
ability of the findings; future studies with larger cohorts
are essential to validate the robustness and broader appli-
cability of the proposed framework. Secondly, the man-
ual segmentation, annotation and registration involved
are time intensive, costing approximately an hour per
prostate. Efforts to automate segmentation of ultra-
sound images through deep learning algorithms have
shown promising results and are expected to reduce the
required manual labor. Moreover, the manual nature of
these procedures introduces the possibility of interob-
server variability. Certain ultrasound segmentations,
such as those for the urethra and zones, may not always
be clearly visible, particularly in cases involving larger
prostates. Although consensus meetings were held
among operators to address uncertainties in specific
segmentations, it is important to acknowledge that this
process may have influenced the registration accuracy to
some extent. A suggested improvement to the registra-
tion algorithm would be to provide it with a weighting
factor for each segmentation point based on the quality
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of the scan at that location. This would allow the regis-
tration to put more focus on more clearly visible- and
therefore more certain - areas of the US segmentations.
Another possible limitation is the handling of incomplete
pathology sections during reconstruction that arise from
tissue damage and other artefacts on the pathology slides.
While large missing sections or smaller gaps adjacent to
PCa regions were addressed by requesting new pathology
slides, smaller missing areas not adjacent to PCa were
assumed to be negative for malignancy. This assumption
introduces a potential source of error, as it may overlook
rare cases where cancerous tissue could be present in
these areas.

Lastly, the registration method employed in this study
requires custom-made software for execution, which
may present challenges when implementing it elsewhere.
However, the authors can be contacted for assistance in
research projects, and they are willing to share data upon
reasonable request, facilitating further exploration and
collaboration in the field.

Conclusion

The study presents a comprehensive framework for reg-
istering RPS pathology to 3D TRUS, achieving accurate
results based on discernable landmarks. Precise registra-
tion is crucial for generating reliable datasets, essential in
developing and validating new diagnostic tools and for
training Al-assisted imaging modalities.
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