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MATERIALS
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RESULTS

CONCLUSION

To report the development of artificial intelligence (Al)-based software to allow for the au-
tonomous fusion of transrectal ultrasound and multiparametric magnetic resonance images of the
prostate to be used during transperineal prostate biopsies.

This study was approved by the Institutional Review Board (protocol ID 3167CESC). The
automatic software development for fusion biopsy involved 3 steps: (1) developing an Al
component to segment the prostate during ultrasound; (2) developing the component to seg-
ment anatomical structures in magnetic resonance images using labeled datasets from the
Cancer Imaging Archive and in-house scans; (3) developing the fusion component to register
segmented ultrasound and magnetic resonance images using a 3-step process: pre-alignment,
rigid alignment, and elastic fusion, validated by measuring the lesion distance between mod-
alities. Statistical analysis included descriptive statistics and the Mann-Whitney U test, eval-
uating outcomes with Dice scores and average precision metrics.

The ultrasound component showed a Dice score of 0.87 with a test set of 75,357 images and 28,946
annotations. The magnetic resonance component achieved a Dice score of 0.85 on a test set of 2494
images and annotations. It also demonstrated a mean average precision of 0.80 for bounding boxes and
0.88 for segmented objects, both measured at a 50% intersection over union threshold. The fusion Al
component reduced the median magnetic resonance-ultrasound lesion distance from 8 mm (inter-
quartile ranges 6-9) after rigid fusion to 4 mm (interquartile ranges 3-5) after elastic fusion (P <.001).
A data processing pipeline and Al were created to allow for the autonomous fusion of ultrasound
and magnetic resonance images to be ideally used during transperineal prostate
biopsies. UROLOGY 199: 27-34, 2025. © 2025 The Author(s). Published by Elsevier Inc.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/

4.0/).

iopsy remains an essential step in the diagnosis of
prostate cancer (PCa). For a decade, the routine
implementation of multiparametric magnetic
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resonance imaging (mpMRI) in PCa diagnosis has re-
volutionized the framework of prostate biopsy,"” al-
lowing systematic templated sampling to be paired with
targeted sampling of suspicious areas detected on
mpMRI."*

Such targeted sampling implies identifying the areas of
suspect revealed by mpMRI on the real-time image
provided by transrectal ultrasound (TRUS) during
prostate biopsy. The method can be cognitive or soft-
ware-based: the first relies solely on the operator’s
awareness of the most suspicious area’s location, while
the latter provides a true overlay (also called “fusion”) of
the suspicious mpMRI image with the real-time image
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obtained during the TRUS performed while taking the
biopsy.

To date, evidence shows no superiority between soft-
ware-based and cognitive fusion.”” Possible explanations
include the operators’ expertise, the patient’s movements
during the procedure, the target visibility, and the quality
of the software used to “fuse” the target mpMRI lesion
with the real-time TRUS performed during the biopsy.”

Recent experiences have pioneered using artificial
intelligence (AI) in this context.”'” Although poten-
tially more precise in identifying target areas, these
methods equally suffer from potential bias during the
overlapping to real-time TRUS images. To contribute to
this field, our research group conceived an algorithm to
achieve real-time prostate segmentation on TRUS,
which could allow prostate tracking during the proce-
dure, with the goal of compensating both the ultrasound
probe and the patient’s movements. The real-time Al-
driven matching between segmented TRUS images and
segmented mpMRI images would provide a sound fra-
mework for autonomous fusion during transperineal
biopsy that could overcome most of the limitations ex-
perienced during this procedure. Herein, we present the
development of a data processing pipeline and Al to
allow for the autonomous fusion of TRUS and mpMRI
images to be ideally used during transperineal prostate
biopsies.

MATERIALS AND METHODS

The study protocol obtained Institutional Review Board
approval (protocol ID 3167CESC).

The 3 steps for the development of the automatic
software to be used during fusion biopsy consisted of

1. Developing the TRUS Al component to process data
streams from the ultrasound machine to perform the
segmentation of the prostate during the initial ex-
ploration.

2. Developing the mpMRI Al component to process the
specific patient images loaded from the digital ima-
ging and communications in medicine (DICOM) or
the picture archiving and communication system
components to segment the relevant anatomical
structures.

3. Developing the fusion Al component to perform the
registration between the segmented TRUS images
and the mpMRI segmented images, both fused into
their respective volumes.

Development of Each of the Components: Methodology

TRUS Al Component. For this study, prostate sagittal
and axial ultrasound images (frame rate ~20Hz) were
recorded in DICOM format using an Arietta V70
ultrasound machine (Hitachi, Tokyo, Japan) with a
biplanar transrectal probe. Hundreds of images were
collected for each prostate TRUS from a cohort of
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patients who underwent prostate TRUS between April
2021 and July 2022 as part of the diagnostic pathway for
PCa (COHORT 1).

The prostates were contoured on each sagittal and
axial scan recorded from COHORT 1, using a semi-au-
tomatic interface in Mevislab (MeVis Medical Solutions
AG, Bremen, Germany). This process allowed to obtain
the so-called “ground truth,” a set of images with verified
and labeled prostate contours. Segmentation was per-
formed by 3 radiologists under the supervision of an
expert radiologist with over 20 years of experience in
both clinical practice and research.

At this point, PROST-Net, a deep-learning model
designed for real-time prostate contouring, was run. The
model works by (1) detecting the prostate, (2) isolating a
region of interest, and (3) contouring that region."’ We
applied PROST-Net to the set of labeled ultrasound
images from COHORT 1. As per standard practice in Al
development, this set was divided into training, test, and
validation subsets with a ratio of 60%, 20%, and 20%,
respectively.'” After this step, we renamed PROST-Net
as “PROST-Net TRUS-trained” on TRUS.

In the next step, “PROST-Net TRUS-trained” was
run on a second set of prostate sagittal and axial ultra-
sound images recorded in DICOM format using a dif-
ferent ultrasound machine (Esaote, Genoa, Italy)
collected from a cohort of patients who underwent
prostate TRUS between February 2023 and June 2023
as—again—part of the diagnostic pathway for PCa
(COHORT 2). The adoption of a different ultrasound
machine to obtain the images from COHORT 2 was
aimed at improving the robustness of the learning model
across varied types of equipment used.

The segmentations performed by “PROST-Net TRUS-
trained” autonomously on the set of images from COHORT
2 were manually adjusted by the same radiology team to
fine-tune the “PROST-Net trained” output. “PROST-Net
TRUS-trained” was then applied to the set of segmentations
on ultrasound images from COHORT 2 manually adjusted
by the urologists. The Dice similarity coefficient measured
the overlap between the manually relabeled prostate and
the prostate identified by the “PROST-Net trained.” After
this step, we renamed “PROST-Net TRUS-trained” as
“PROST-Net TRUS-trained2.”

The development pipeline from PROST-Net to
PROST-Net TRUS-trained2 for TRUS is summarized in
Figure 1A.

mpMRI Al Component. To train PROST-Net to contour
the prostate on mpMRI images, we used a set of T2-
weighted mpMRI scans archived on the Cancer Imaging
Archive website (https://www.cancerimagingarchive.
net).” On this resource, expert annotations and
segmentations of prostate mpMRIs were already
available and used as “ground truth.” Thus, the step of
contouring by human hands was not needed. We applied
PROST-Net to the set of labeled mpMRI images from the
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Figure 1. (A) Development of the TRUS Al component: prostate TRUS images obtained from institutional patients (COHORT 1)
were contoured manually to create a “ground truth” — PROST-Net was trained and validated on these images (PROST-Net
trained) and then applied to another set of images from obtained from a different ultrasound machine — the model's output
was fine-tuned — PROST-Net trained was then retrained (PROST-Net trained™@"°%). (B) Development of the mpMRI Al com-
ponent: PROST-Net was trained on labeled T2-weighted mpMRI scans obtained from the Cancer Imaging Archive (PROST-Net
trained) — PROST-Net trained was validated on in-house mpMRI scans obtained from COHORT 1 patients.

Cancer Imaging Archive website. After this step,
PROST-Net became “PROST-Net MRI-trained” on
mpMRI.

The accuracy of “PROST-Net MRI-trained” was va-
lidated by using previously contoured in-house mpMRI
scans performed on COHORT 1 patients. The Dice si-
milarity coefficient measured the overlap between the
manually labeled prostate and the prostate identified by
the PROST-Net MRI-trained. The development pipe-
line from PROST-Net to PROST-Net MRI-trained for

mpMRI is summarized in Figure 1B.

Fusion Al Component. Finally, a fusion algorithm was
designed and integrated into the respective trained
versions of PROST-Net after dedicated training on the
identification and segmentation of the prostate on TRUS
and mpMRI images. For this step, pairs of TRUS images
and corresponding mpMRI of prostates with suspicious
lesions (PIRADS 3 or higher) available on the Cancer
Imaging Archive website were used.'’ In these images,
both the prostate and the lesion were already segmented
in both the TRUS and the corresponding mpMRI.
Specifically for this step, all the data were exported
from DICOM in “.nrrd” (near raster raw data) three-
dimensional (3D) format.

The fusion process worked in 3 steps: pre-alignment,
rigid alignment, and elastic fusion.
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Given as input the TRUS and mpMRI images, both as
3D volumes represented as grids of voxels in grayscale,
along with their respective segmentations of the prostate
gland, the algorithm transformed the mpMRI dataset
(both image and segmentation) so that it corresponded

to the TRUS volume.

Pre-alignment. In this phase, the algorithm performed an
initial alignment based on bringing the images to the
same dimension and resolution. The algorithm also
updated the spatial information into a 3D visualization
tool to align the 3D segmentations of the pairs of
prostates at TRUS and mpMRI to have the same
“centroid.” When aligning 2 or more objects or images,
the centroid can be used as a reference point or a
measure of position (Supplementary Fig. 1A, B).

Rigid Fusion. In this phase, the algorithm outputs a
rotation and a translation, which were applied to the
mpMRI image. The rigid transform was obtained through
an optimization process. The algorithm’s input was a
fixed image (TRUS) and an in-motion image (mpMRI),
as well as parameters such as optimization metric, type of
optimization, and interpolation. The optimization
process updated the transform so that the in-motion
image was aligned with the fixed image using the pre-
defined distance metric (Supplementary Fig. 1C, D).
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Figure 2. 3D models of a segmented prostate (A) before fusion; (B) after pre-alignment; (C) after elastic fusion (mpMRI: red,

TRUS: blue).

Elastic Fusion. The input of this phase was the prostate
segmentations. From these segmentations, the algorithm
generated a distance map image. The distance map
created from the TRUS image was kept fixed, while
the mpMRI distance map was moving. The output
transform was applied to the mpMRI image and its
associated segmentation. The results were optimized by a
B-spline function, which smoothly aligned the 2
segmentations so that their area in the image
overlapped. In contrast, the external area of the
prostate in the transformed mpMRI image was very
deformed (Supplementary Fig. 2, Fig. 2).

The quality of the fusion of the images was assessed by
measuring the distance (in mm) between the lesion on
mpMRI and the corresponding lesion on TRUS.

Statistical Analysis

Descriptive statistics were used to characterize the study
cohort: medians and interquartile ranges (IQR) were
used to report continuous data. The Mann-Whitney U
test was used to test the differences between distributions
of continuous variables. The outcomes measured were

1. The Dice score is a metric for evaluating image seg-
mentation algorithms. It measures the overlap be-
tween predicted and ground truth segmentations,
with a higher score indicating better accuracy.'

2. The Dice score per patient, calculated on 3D volumes
instead of two-dimensional images, reporting also its
standard deviation.

3. bbox_mAP_50 and segm_mAP_50, commonly used
evaluation metrics in object detection and instance
segmentation tasks, respectively.'” They measure the
mean average precision (mAP) at a 50% intersection
over union threshold for bounding boxes
(bbox_mAP_50) and segmented objects
(segm_mAP_50). These metrics provide insights into
the accuracy of object localization and segmentation,
with higher values indicating better performance.
More specifically, the mAP at a 50% intersection
over union threshold indicates how well the system
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can detect and locate objects with at least a 50%
overlap accuracy.

RESULTS

Transrectal Ultrasound Al

Data from 292 subjects were employed to train the
TRUS AI component. The median age at TRUS was 67
(IQR 64-71). The median prostate volume at TRUS was
48.6mL (IQR 35.7-62.3). The test split contained
75,357 images and 28,946 annotations. The train split
contained 548,041 images and 210,126 annotations. The
validation split contained 61,654 images and 23,541
annotations. The Dice score, the Dice score per patient,
the bbox_mAP_50, and the segm_mAP_50 were 0.87
(IQR were 0.83-0.9, 0.83-0.91, 0.84-0.9, and 0.83-0.9,
respectively). Moreover, the median computation time
for TRUS slices segmentation of a whole prostate is

0.05 second (IQR 0.04-0.06).

Multiparametric Magnetic Resonance Imaging Al

MRI data from all 1151 subjects in the Cancer Imaging
Archive dataset'’ were employed in developing this
component. Test split contained 2494 images and 2494
annotations. The train split contained 47,376 images and
47,376 annotations. The validation split contained 496
images and 496 annotations. The Dice score and the Dice
score per patient were 0.85 (IQR were 0.85-0.92 and 0.84-
0.92, respectively). The bbox_mAP_50 was 0.89 (IQR
0.84-0.9). The segm_mAP_50 was 0.88 (IQR 0.82-0.91).
Notably, the median computation time for whole MRI 3D
segmentation was 1 second (IQR 0.98-1.01).

Fusion Al

To develop the fusion Al component, MRI, TRUS, and
lesions data from all 1151 subjects available in the
Cancer Imaging Archive dataset'’ were employed. The
median mpMRI-ultrasound lesion distance was 8 mm
(IQR 6-9) after the rigid fusion and 4 mm (IQR 3-5)
after elastic fusion (P <.001). The variability was attrib-
uted to cases where the tumor segmentation on mpMRI
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Figure 3. (A) mpMRI after elastic fusion with the tumor (green on mpMRI, red on the corresponding lesion on TRUS) and the
prostate (blue) contoured. The darker area of the tumor coincides with the tumor at TRUS; (B) example of partial overlapping of
the tumor at TRUS with the tumor at mpMRI, after elastic fusion.

coincided with that on TRUS (Fig. 3A) and cases where
the overlap was only partial (Fig. 3B). Moreover, out of a
total of 1617 lesions, 1036 (64%) had a diameter greater
than 5 mm; in this subset of patients, the median dia-
meter was 15.6 mm (IQR 11.4-19.1 mm). Remarkably,
the median computation time for the fusion algorithm

was 4 seconds (IQR 3.97-4.02).

DISCUSSION

In the present study, we reported the development of a
data processing pipeline and subsequent Al training to
allow for the real-time autonomous fusion of TRUS and
prostate mpMRI images to be ideally used during trans-
perineal prostate biopsies.

Today, Al is under investigation at many steps in the
diagnostic pathway of PCa.'®'’" Some authors reported
developing an Al to help in prostate segmentation, either
whole gland or segmental, in different settings ranging from
prostate. mpMRI to MRI- and computed tomography-
guided prostate radiotherapy.'®”” However, only 2 reports,
one published in 2021 and one in 2024, focused on the
accuracy of Al segmentation compared to a manual one.
While their results were conflicting, the latter report was
more favorable toward Al, and, in the authors’ opinion, the
rapid pace of development in this field should not be
overlooked when assessing the existing literature.”"*’

Other authors have reported the development of Al
models to address different shortcomings in the diagnostic
pathway of PCa. Some strived to automatize the recogni-
tion of significant cancerous lesions on mpMRI scans” or on
Gallium-prostate-specific membrane antigen positron
emission tomography images.”® In the first case, the authors
developed a closed-loop Al that outperformed or matched
the performance of more than 70% of general readers in the
MRI assessment of PCa.” A convoluted neural network
(CNN) was developed in the latter that automatically
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segmented intraprostatic cancer lesions with a median dice
score of 0.74.”° Moreover, another group tried developing
an Al to assess PCa’s extraprostatic extensions,” while
others aimed to aid PCa classification’’ or to correlate
mpMRI features to histopathology.” In the first case, the
model demonstrated a sensitivity of 0.67, specificity of 0.73,
and accuracy of 0.72 compared to the radiologist’s sensi-
tivity of 0.81, specificity of 0.62, and accuracy of 0.66; using
histopathology as the ground truth, the model exhibited
slightly lower sensitivity but outperformed the radiologist in
specificity and overall accuracy.” In the second case, a
CNN was developed and showed no significant differences
and was equivalent to the radiologists in classifying suspi-
cious lesions, which could enhance the diagnostic cap-
abilities of an inexperienced radiologist.”” In the last case, a
CNN was developed that could predict histology data
without any significant difference compared to manual
segmentations from MRL”*®

Most Al models developed for prostate segmentation
are CNN-based on the U-Net architecture.'*”’ Our
model, PROST-Net, ' comprises a backbone part, which
uses ResNet101 or ResNet50, the Region Proposal Net-
work for selecting the region of interest, and the head of
the network, which outputs the segmentation mask and
is U-Net inspired.”””* This gives our Al good flexibility
to be applied to different input sources.

The sole effort reported on Al utilization in ultrasound
scans of the prostate, particularly during TRUS, was the
study by Andersén et al. In this study, the authors employed
CNNs to evaluate the positions of brachytherapy needles
and digitize them. Still, they did not undertake the task of
Al-based prostate segmentation on ultrasound images.”’

Therefore, to our knowledge, ours is the first to report on
Al-driven prostate segmentation using ultrasound imaging.
As noted before, previous efforts have focused primarily on
mpMRI segmentation, leaving a significant gap in real-time
ultrasound applications. Furthermore, ours is the first
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instance of employing Al in the direction of an autonomous
system to achieve real-time fusion of TRUS and mpMRI
images, to be ideally used during prostate biopsy.

On purpose, our Al algorithm, PROST-Net, was de-
veloped based on prostate images obtained using different
ultrasound machines. We believe this underscored its ro-
bustness across varied types of equipment used. The reader
could argue about the arbitrary splitting of the images used
for testing, training, and validation. Machine learning
models typically require a substantial amount of data for
training to learn the underlying patterns effectively. A
split of 20% for testing, 60% for training, and 20% for
validation is often used to balance the need for enough
training data while ensuring that the model’s performance
is assessed on separate, unseen datasets to avoid overfitting
and to validate its generalizability.'”

Notably, for developing the TRUS and the mpMRI Al
components, the Dice coefficients for prostate segmentation
reached a >0.85 value, indicating a high degree of overlap.

These significant results demonstrate the potential for
high precision when adopted in clinical settings. However,
further refinement of the accuracy is necessary before
clinical applicability. Moreover, in future development
steps, the Al model could be improved by integrating the
segmentation and fusion model with mpMRI features, "’
and hypothetically with TRUS features as well, to better
inform the location and degree of rigid or elastic fusion.

Our approach addresses the limitations identified in
previous studies regarding the fusion of mpMRI and
TRUS images for prostate biopsies.” Unlike cognitive
fusion, which relies heavily on operator expertise or ex-
isting software-based methods that have not shown su-
perior results, our Al-driven method may offer a more
consistent and reliable tool for achieving fusion once
refined and validated in a clinical setting. To note, in our
experience, the median lesion distance was significantly
reduced from 8-4 mm following elastic fusion (P <.001).
However, as much as this is a good result in favor of
elastic over rigid fusion, a misalignment of just a few
millimeters can still be an issue in this setting and a
potential cause of missing the target (ie, cancer).

Previous studies have demonstrated the accuracy of
fusion biopsy to be approximately 3 mm.”° In addition,
when assessing cognitive vs software-based fusion tar-
geted biopsy, many studies could not find any superiority
of the latter technique, with the detection rate of clini-
cally significant PCa on targeted biopsies ranging from
59%-78%." " However, some studies have suggested a
superiority of software-based fusion, as would be ex-
pected.”*! Certainly, the operator’s learning curve is
important and may have an impact in this regard."

While we lack data on the relationship between ac-
curacy and lesion diameter, considering a median error of
the fusion algorithm of 4mm and the lesions with a
>5 mm diameter (which constitute 64% of the total le-
sions), we can infer that almost all these larger lesions
might be reached. However, we acknowledge that the
system might fail when targeting smaller lesions.
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A strength of our study is the inclusion of 2 sets of
TRUS images obtained using different ultrasound ma-
chines. We feel this would suggest the algorithm’s ver-
satility. Additionally, training our Al on a large, diverse
dataset and validating it on in-house mpMRI data adds
to the robustness of our findings. In addition, whole
prostate TRUS slice segmentation can be performed in
real-time, with an average computation time of
0.05 second, comparable to the frame rate acquisition of
a ultrasound machine (approximately 20 Hz), while the
segmentation of an entire 3D MRI takes around
1 second. Notably, the average computation time for the
fusion algorithm was 4 seconds. In our opinion, these
computation times are suitable for the clinical setting.

Our study has limitations. Specifically, while the TRUS
Al was developed and retrospectively tested on new
TRUS data, the MRI and fusion components were trained
and tested using the Cancer Imaging Archive dataset.”
Future studies should focus on validating the complete Al
system with TRUS and MRI data from clinical settings.
Moreover, while promising, the precision of the current
version of the developed Al model is not yet sufficient for
immediate clinical implementation. In our opinion,
achieving a fusion accuracy expressed by a lesion distance
of <2 mm should remain the goal for future iterations of
our algorithm. Efforts in the future should focus on en-
hancing the Al model to achieve the desired precision
levels. Increasing the dataset size and diversity, as well as
continuous validation with clinical data, will be crucial
before implementing it in a clinical setting.

CONCLUSION

We developed an effective data processing pipeline and
Al to allow for the autonomous fusion of TRUS and
mpMRI images to be ideally used during transperineal
prostate biopsies. The further goal will be to add data for
the Al algorithm to enhance its precision, thus providing
a sound basis for developing clinically applicable au-
tonomous fusion software.
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