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Abstract
Prostate cancer is the second most common cancer in men worldwide. Early detection is critical for reducing deaths and
improving patients’ quality of life. Bi-parametric magnetic resonance imaging (bpMRI) has emerged as a potential alternative
for supporting the early detection, diagnosis, and screening of prostate cancer. The inherent ambiguity and shape variability
of prostate cancer lesions in bpMRI present a major challenge for automated detection systems. To address this, we propose a
multitask deep representation that explicitly leverages lesion boundary information to improve localization. Unlike traditional
methods that treat localization or segmentation as independent tasks, our approach integrates a segmentation branch that forces
the network to learn fine-grained contour details. This synergy results in a more robust feature representation, improving the
model’s ability to distinguish clinically significant lesions from surrounding tissue. Our approach was validated on a public
dataset of 3343 slices from 1295 bpMRI studies. The proposed model achieved an Average Precision (AP@0.5) of 0.59, a
precision of 0.66, and a recall of 0.56. This represents a 22.9% improvement in AP@0.5 compared to a standard localization-
only network. Furthermore, compared with PI-CAI reports, our model achieved an AP@0.1 of 0.72 under the commonly used
criterion. Additionally, within our evaluation protocol, the model achieved an AP@0.5 of 0.59 as a complementary stricter
evaluation. In an additional validation using annotations from an expert radiologist as ground truth, the model achieved a
precision of 0.79. Our findings indicate that forcing a network to be boundary-aware through segmentation is an effective
strategy for improving lesion localization.
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1 Introduction

Prostate cancer (PCa) is the second most common cancer in
men, with a total of 1.4 million new cases and 300,000 asso-
ciated deaths reported in 2020 [1]. In the clinical workflow,
the most commonly used methods are the prostate-specific
antigen (PSA) test and the digital rectal exam (DRE) [2].
However, the PSA test has demonstrated a low specificity of
close to 20%, and the DRE evaluation may miss tumors in
different areas of the prostate gland, thus overlooking clin-
ically significant PCa (csPCa) cases [3, 4]. Early detection
of PCa remains a critical challenge for designing treatments
that improve patient prognosis by reducing the number of
aggressive lesions and associated deaths. In this context,
Multiparametric Magnetic Resonance Imaging (mp-MRI) is
a promising alternative to support early diagnosis before
biopsy [5]. These sequences allow for the characteriza-
tion of lesions, even in regions far from the rectal wall
and transitional zone [6]. Nonetheless, acquiring mp-MRI
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is time-consuming, and the inclusion of contrast-enhanced
(DCE) imaging often does not provide a significant diag-
nostic gain [7]. Consequently, Bi-parametric MRI (bpMRI),
without DCE, has emerged as a faster alternative with com-
parable diagnostic accuracy [8]. However, the benefit of
MRI is often limited by the subjectivity of expert interpreta-
tion, which can lead to inter-reader variability and diagnostic
errors [9, 10]. These challenges, compounded by logistical
issues such as staff shortages, have spurred the development
of computational tools to provide support and strengthen
the screening process [11, 12]. Early approaches based on
engineered features [13] showed promise but were often sen-
sitive to variations across scanners and prostate zones. The
field subsequently shifted towards end-to-end deep learning
models for localization and segmentation tasks [14–16], yet
these strategies still struggle to capture the shape variabil-
ity of lesions where precise boundary delineation is critical.
This work introduces a multitask framework that improves
csPCa lesion localization by making the network explicitly
boundary-aware. We hypothesize and demonstrate that by
integrating a segmentation task not as an independent objec-
tive, but as a synergistic guide, the network learns a more
robust feature representation. This forces the model to focus
on fine-grained contour details, enhancing its ability to local-
ize clinically significant lesions in bpMRI sequences.

2 Related works

The approach to csPCa lesion localization has evolved from
early methods using engineered features with classifiers [13]
to end-to-end deep learning networks. Initial deep models
often used only T2-weighted images [17], while later multi-
task frameworks incorporated auxiliary tasks such as prostate
segmentation or image alignment [14]. The release of the
PI-CAI dataset spurred the development of more advanced
methods, including CNNs like Z-SSMNet [15], zonal-
awareU-Nets [18], and transformer-based architectures [19].
Recent studies have also explored residual attention and
bioimage sensor-driven attention strategies for prostate MRI
[20, 21], as well as SAM-based segmentation and feder-
ated privacy-preserving learning in related medical-image
settings [22, 23].However,most PI-CAI-relatedmethods pri-
marily rely on segmentation, which often requires complex
processing. Our work, in contrast, employs a detector-centric
framework based on the YOLO architecture, which is well-
established for object detection [24]. Recent advancements
have introduced Non-Maximum Suppression (NMS)-free,
one-to-one assignment schemes to simplify instance seg-
mentation [25]. While effective for general objects, these
methods may struggle with the ill-defined boundaries of
prostate lesions in bpMRI. To deal with prostate variabil-
ity and poor definition of organ and lesion boundaries, it is

demanding that detector approaches also include segmenta-
tion steps, that may focus interest at each pixel of regions,
considering remarkable changes in appearance andmorphol-
ogy. Also, detectors may consider to weight boundaries of
regions of interest as an internal guide to improve localiza-
tion.

3 Proposed approach

Our method adapts YOLOv5 by incorporating a synergis-
tic segmentation branch. YOLOv5 was selected as a sta-
ble detector-centric baseline with SPPF/PANet multi-scale
aggregation, suitable for evaluating the proposed multi-
task localization strategy. For comparative analysis, we use
two configurations of this architecture: (Loc+Seg) and a
localization-only baseline (Loc).

3.1 Localization network

The localization network processes a concatenated multi-
modal bpMRI slice, x ∈ R

3×H×W (T2W, ADC, DWI),
through three main stages: an encoder, a neck, and a pre-
diction head. First, the encoder (�), a standard convolutional
network, extracts a bank of deep features from the input slice:
Fk = fk (x ∗ �k), where fk is a nonlinear activation func-
tion.

The final feature maps from the encoder, FL , are pro-
cessed by a Spatial Pyramid Pooling Fusion (SPPF) module
to create a compact and robust multiscale representation.
Next, the network’s neck, composed of a decoder (�′) and
a Path Aggregation Network (PANet) [26], fuses the mul-
tiscale features. The decoder upsamples the feature maps
while integrating intermediate features from the encoder,
producing a set of representations {Gi }. The PANet then
adds an extra bottom-up aggregation path to further enhance
the feature fusion, improving the model’s ability to detect
lesions of varying sizes. Finally, the prediction head gener-
ates anchor-based predictions from the fused feature maps.
For each potential detection, it outputs a vector Yi, j,a =
[δx , δy, δw, δh, ρobj, {ρc

cls}Cc=1], containing the bounding box
offsets, an objectness score, and a lesion confidence score.
The raw set of predicted boxes, B, is then refined using Non-
Maximum Suppression (NMS) to produce the final detec-
tions, Bsel. The IoU metric is computed as IoU(Bi ,B j ) =
|Bi∩B j |
|Bi∪B j | ∈ [0, 1].

3.2 Segmentation branch

Toenhance localization,weuse aYOLACT-inspiredprototype-
coefficient branch [27] as auxiliary boundary-aware super-
vision rather than as the final clinical segmentation output.
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Fig. 1 Structure of the implemented network for csPCa lesion localization task: (A) Feature extraction. (B) Multiscale grouping representation.
(C) Mechanism for region prediction (Head). (D) Segmentation network. (E) Example of final csPCa region prediction

Operating in parallel with the localization head, it consists
of two components. First, a Prototype Generation network
uses a Fully Convolutional Network to produce a set of
k = 32 prototype masks, denoted as P = {P j }kj=1. Second,
a Mask Coefficient Prediction head predicts k mask coeffi-
cients organized in a vector cI ∈ R

k , for each instance I
that survives NMS. The final mask for the instance, MI , is
generated by a linear combination of prototypes and their
corresponding coefficients: MI = ∑k

j=1 cI , jP j . This mask
is then processed with a sigmoid function and binarized. The
entire branch is trained jointly with the localization network,
forcing the shared feature extractor to learn boundary-aware
features (Figure 1(D)).

3.3 Learning scheme

The network is trained end-to-end by optimizing Ltotal. As
this is a single-class detection problem, the total loss is a
weighted sum of three components:

Ltotal = γboxLbox + γobjLobj + γsegLseg (1)

where γbox and γobj are hyperparameters that balance the
localization andobjectness tasks. Thebox loss (Lbox) is based
on the Complete Intersection over Union (CIoU) metric. The
objectness loss (Lobj) is a weighted binary cross-entropy
(BCE) loss. Finally, the segmentation loss (Lseg) is a standard
BCE loss.

4 Experimental setup

4.1 Dataset

Thedataset is derived from the publicPI-CAI (Prostate Imag-
ing: Cancer AI) consortium, a multicentric cohort of 1,500
cases with histopathology-verified annotations for clinically
significant prostate cancer (csPCa) [12]. Each study, com-
posed of T2-weighted (T2W), Diffusion-weighted (DWI),
and Apparent Diffusion Coefficient (ADC) images, under-
went a standardized pre-processing pipeline. This included
resampling to a voxel spacing of 0.5 × 0.5 × 3.0 mm, co-
registration to the T2W sequence, and cropping a 150x150
pixel region of interest around the prostate gland centroid.
For model training, these 2D slices were normalized to a
[0 − 1] range and their channels were combined. To cre-
ate the training dataset, we curated 1,282 slices containing
csPCa annotations and 2,061 benign slices selected fromneg-
ative cases. Ground truth labels were then generated for the
csPCa cases. To optimize training by capturing a more com-
prehensive imaging context surrounding lesions, the labels
for localization and segmentation were standardized through
a 30% expansion of the bounding box and a 5-pixel dila-
tion of the mask, respectively. These values were identified
as optimal through an ablation study, as established in the
results presented in Table 2.
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Table 1 Comparison of
different bpMRI input
configurations using the
Localization network without
(top) and with (bottom)
segmentation branch

Input Precision↑ Recall↑ AP@0.5↑ AP@0.5-.95↑
Localization

T2W 0.39 ± 0.06 0.24 ± 0.04 0.21 ± 0.04 0.07 ± 0.02

ADC 0.54 ± 0.06 0.42 ± 0.06 0.42 ± 0.06 0.16 ± 0.03

DWI 0.49 ± 0.05 0.41 ± 0.04 0.36 ± 0.05 0.13 ± 0.02

ADC-T2W-ADC 0.60 ± 0.08 0.41 ± 0.05 0.44 ± 0.06 0.18 ± 0.03

ADC-DWI-ADC 0.56 ± 0.07 0.49 ± 0.06 0.47 ± 0.05 0.18 ± 0.03

T2W-ADC-DWI 0.59 ± 0.05 0.50 ± 0.07 0.48 ± 0.06 0.18 ± 0.03

Localization & Segmentation

T2W 0.33 ± 0.04 0.23 ± 0.05 0.18 ± 0.03 0.06 ± 0.01

ADC 0.59 ± 0.07 0.50 ± 0.03 0.49 ± 0.06 0.21 ± 0.03

DWI 0.57 ± 0.05 0.45 ± 0.06 0.45 ± 0.05 0.17 ± 0.03

ADC-T2W-ADC 0.62 ± 0.05 0.57 ± 0.02 0.56 ± 0.03 0.26 ± 0.03

ADC-DWI-ADC 0.65 ± 0.02 0.56 ± 0.05 0.58 ± 0.04 0.25 ± 0.03

T2W-ADC-DWI 0.66 ± 0.05 0.56 ± 0.06 0.59 ± 0.05 0.26 ± 0.03

4.2 Network Configuration

For comparative analysis, two configurations of the proposed
architecture were used: our full multitask model (Loc+Seg)
and a localization-only baseline (Loc). Both models were
initialized with weights pre-trained on the Microsoft COCO
dataset [28]. The models were trained for 100 epochs on a
single NVIDIA GeForce RTX 4090 GPU using the Adam
optimizer. Key training hyperparameters included a learning
rate of 0.01, momentum of 0.937, and a weight decay of
0.0005. The loss functionweights for the detection taskswere
set to γbox = 0.05, γobj = 1.0 and γseg = 1.0, following the
framework’s default values. Data augmentation techniques
includedmosaic, translation, scaling, and horizontal flipping.

5 Evaluation and results

Experiments were conducted using the publicly available
PI-CAI challenge training cohort [12]. Model training and
evaluation followed a stratified 5-fold cross-validation pro-
tocol, with folds defined at the patient/study level to avoid
data leakage; all metrics were computed at the slice level
without 3D aggregation. Performance was assessed using
standard metrics, including precision, recall, Average Pre-
cision at an IoU threshold of 0.5 (AP@0.5), and the stricter
AP@0.5-0.95metric. The results correspond to themean and
standard deviation of these metrics across the five folds.

First, we analyzed the performance of the baseline
localization-only network using different input sequence
combinations, with detailed results in Table 1. Key findings
indicate that while ADC was the strongest single modality
(precision 0.54± 0.06), multimodal inputs consistently per-
formed better. The ADC-T2W-ADC combination achieved

the highest precision (0.60 ± 0.08), while the full T2W-
ADC-DWI input yielded the best overall balance with the
highest AP@0.5 (0.48 ± 0.06). However, under the strin-
gentAP@0.5-0.95metric, the performance of allmultimodal
configurations converged to an identical score (0.18±0.03),
suggesting a performance ceiling for this baseline approach.
The primary contribution of our work is demonstrated in
the second part of Table 1, which details the performance
of our full Loc+Seg model. The addition of the synergis-
tic segmentation branch improved performance across all
configurations. The most significant benefit was observed
in the complete bpMRI model (T2W-ADC-DWI), where
the segmentation branch boosted the AP@0.5 score from
0.48 ± 0.06 to 0.59 ± 0.05—a substantial 22.9% improve-
ment. Notably, theAPmetrics showed the highest percentage
gains (e.g., 44.4% in AP@0.5-0.95), underscoring that the
boundary information provided by the segmentation task is
particularly effective at improving localization precision. As
a complementary analysis, the mask branch achieved a Dice
coefficient of 0.66 ± 0.02 against the auxiliary lesion-mask
targets on lesion-positive slices using the highest-confidence
predicted mask after NMS, supporting its role as spatial reg-
ularization rather than as a clinical segmentation output.

To further validate the impact of our synergistic design,
we compared the complete bpMRI Loc+Seg model against
its Loc baseline across a range of IoU thresholds (τ from
0.1 to 0.9). The results, illustrated in Figure 2, demon-
strate a clear and consistent performance advantage for the
Loc+Seg model. While both models show an expected per-
formance decline as the localization requirements become
stricter (higher τ ), the decline for the baseline Loc model is
significantly steeper, particularly for recall and AP. This is
most evident at moderate to high thresholds (τ ≥ 0.5), where
the Loc+Seg model maintains a more stable and superior
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Fig. 2 Performance comparison of the Loc+Seg and Loc models vary-
ing IoU thresholds (τ )

performance. These findings confirm that the boundary-
aware features learned via the segmentation branch provide
enhanced stability against localization inaccuracies, a cru-
cial factor for reliable performance under stringent clinical
evaluation.

5.1 Ablation study

We performed a sensitivity analysis of the Loc+Seg model
with respect to different settings in the bounding-box expan-
sion and the dilation of the mask ground truths (see Table 2).
First, we varied the bounding box expansion using 0%, 15%,
and 30%, observing that 30% was the optimal setting. Sub-
sequently, we evaluated mask dilations of 0, 2, 5, and 10
pixels. The results showed that a 5-pixel dilation yielded the
best performance across all metrics. In this sense, we observe
that incorporating additional imaging contextual informa-
tion from the areas surrounding the lesions during training
enhances the performance of the proposed network.

In addition, we performed a sensitivity analysis on the loss
functionweights.We compared the default configuration and
varied the values of the box weight (γbox ), objectness weight
(γobj ), and segmentation weight (γseg). As shown in Table 3,
the model’s performance remains stable with variations in
the segmentationweight (γseg), achieving results comparable
to the default configuration. Conversely, the model’s perfor-
mance significantly deteriorates when the box weight (γbox )
is modified. Furthermore, a slight increase in the objectness
weight (γobj ) results in a marginal improvement, even sur-
passing the default configuration. However, a slight decrease
in this weight leads to a marginal decline in the model’s
performance, indicating its sensitivity. In this sense, the seg-
mentation weight demonstrated greater robustness.

5.2 Visualization of learned representations

To assess differences in learned representations, we visual-
ized individual channel activations from the baseline (Loc)
and proposed multitask (Loc+Seg) models. As shown in Fig-
ure 3, we extracted feature maps from three stages: early
backbone stage (layer 1), mid neck top-down path (layer
13), and final neck bottom-up path (layer 23). The visualiza-
tions reveal progressive differences across network depth. At
the early stage, both models capture anatomical edges, but
Loc+Seg shows different activation patterns in intensity and
spatial distribution. At themid stage, the divergence becomes
more pronounced: Loc+Seg produces focused activations on
the prostate region, while Loc shows diffuse responses with
weak representation of the lesion area. At the final stage,
Loc exhibits scattered activation beyond lesion boundaries,
whereas Loc+Seg generates brighter, more compact activa-
tions alignedwith the lesion edges.Although in this particular
case both predictions are close to each other (see Panel C),
the learned representations suggest that the segmentation
task guides the network from early stages toward a pro-
gressively more boundary-aware representation, explaining
a better localization performance.

Table 2 Ablation of
ground-truth. The analysis
involves a comparison of
performance across
configurations, including the
expansion of bounding boxes
and the dilation of mask
delineations. The optimal
parameters are highlighted in
bold

Parameter variation Precision↑ Recall↑ AP@0.5↑ AP@0.5-.95↑
Bounding Box Expansion (%)

0% (No Expansion) 0.48 ± 0.04 0.35 ± 0.06 0.31 ± 0.05 0.07 ± 0.01

15% 0.58 ± 0.08 0.46 ± 0.06 0.45 ± 0.07 0.15 ± 0.03

30% (Reported) 0.59 ± 0.05 0.50 ± 0.07 0.48 ± 0.06 0.18 ± 0.03

Segmentation Mask Expansion (pixels)

0 (No Expansion) 0.48 ± 0.06 0.33 ± 0.06 0.28 ± 0.06 0.06 ± 0.02

2 0.58 ± 0.03 0.52 ± 0.01 0.50 ± 0.02 0.17 ± 0.02

5 (Reported) 0.66 ± 0.05 0.56 ± 0.06 0.59 ± 0.05 0.26 ± 0.03

10 0.54 ± 0.06 0.45 ± 0.05 0.41 ± 0.07 0.10 ± 0.02
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Table 3 Ablation Study on loss
function weights. The table
presents the default
configuration used in the
experiments and the
corresponding results under
variations of each loss weight

Configuration Precision↑ Recall↑ AP@0.5↑ AP@0.5-.95↑
Default Configuration

γbox = 0.05, γobj = 1.0, γseg = 1.0 0.66 ± 0.05 0.56 ± 0.06 0.59 ± 0.05 0.26 ± 0.03

Box Weight Variation

γbox = 0.1, γobj = 1.0, γseg = 1.0 0.38 ± 0.04 0.28 ± 0.04 0.23 ± 0.03 0.05 ± 0.02

Objectness Weight Variation

γobj = 0.5, γbox = 0.05, γseg = 1.0 0.62 ± 0.05 0.54 ± 0.06 0.55 ± 0.05 0.24 ± 0.03

γobj = 2.0, γbox = 0.05, γseg = 1.0 0.67 ± 0.05 0.58 ± 0.06 0.60 ± 0.05 0.27 ± 0.04

Segmentation Weight Variation

γseg = 0.5, γbox = 0.05, γobj = 1.0 0.63 ± 0.05 0.57 ± 0.07 0.57 ± 0.06 0.24 ± 0.04

γseg = 2.0, γbox = 0.05, γobj = 1.0 0.64 ± 0.04 0.58 ± 0.04 0.58 ± 0.05 0.25 ± 0.03

Fig. 3 Learned representations. (A) Input bp-MRI slice with ground
truth annotation. (B) Activation maps at early, mid, and final stages for
Loc (top row) and Loc+Seg (bottom row). (C) Zoomed comparison of
predictions: Loc+Seg (green) vs. Loc (blue)

Table 4 Performance comparison with state-of-the-art methods using
the commonly reported AP@0.1 criterion. AP@0.5 is reported only for
the proposed method as a complementary stricter metric

Method τ=0.1 τ=0.5

U-Net [15] 0.463 -

nnU-Net [15] 0.457 -

Z-SSMNet [15] 0.709 -

Karagoz et al. [18] 0.732 -

ITUNet [19] 0.649 -

PIMed [29] 0.681 -

Proposed (Loc+Seg) 0.72 0.59

5.3 Comparison with the State of the Art

To contextualize our performance, we compared our results
with PI-CAI-related reports, as summarized in Table 4.
Under the commonly reported AP@0.1 criterion, the pro-
posed Loc+Segmodel achieved 0.72, which is in the range of
previously reported PI-CAI-related methods. Additionally,
our model yields an AP@0.5 of 0.59 within our evaluation
protocol,which is presented as a complementary stricter eval-
uation rather than as a direct state-of-the-art ranking.

5.4 Comparison with radiology report

To further assess the model’s clinical relevance, we con-
ducted an additional validation on a subset of 73 csPCa
cases. For this experiment, manual delineations from an
expert radiologist (10+ years of experience) following the
PI-RADS v2.1 protocol [30] were used as ground truth.
This provided a clinically-oriented benchmark, distinct from
the histopathology-based ISUP annotations of the origi-
nal dataset. When evaluated against this ground truth, our
Loc+Seg model achieved a precision of 0.79 ± 0.10 and an
AP@0.5 of 0.63±0.06. These results indicate a strong corre-
spondence between the model’s predictions and the expert’s
assessment, suggesting its potential as a supportive tool in
clinical workflows.

A qualitative analysis of the model’s predictions is pre-
sented in Figure 4. The examples visually confirm the
quantitative findings. Cases A-C illustrate the superior align-
ment of the Loc+Seg model compared to the baseline, with
its predictions more closely matching the lesion’s true shape.
The figure also presents the model’s current limitations. A
closer look at these failuremodes reveals that occasional false
positives (Case D) tend to occur in anatomically complex
regions like the transitional zone, where benign conditions
such as chronic prostatitis or benign prostatic hyperpla-
sia (BPH) can mimic csPCa. Conversely, missed detections
(Case E) are typically associated with lesions that present
subtle imaging features, such as smaller tumors or lower-
grade lesions (e.g., ISUP Grade Group 2). Finally, cases
with discrepancies between ISUP and radiologist annota-
tions (Cases F-G) highlight the model’s ability to localize
the clinically relevant lesion identified by both ground truths,
underscoring its potential to handle inter-observer variability.
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Fig. 4 Qualitative comparison of the baseline Loc model (green
boxes) and our proposed Loc+Seg model (blue boxes). Predictions are
compared against two ground truths: histopathology-based ISUP delin-
eations (red) and annotations from an expert radiologist (magenta). The

examples show cases of superior alignment (A-C), false positives (D),
missed detections (E), and robust performance despite inter-observer
variability (F-G)

6 Discussion

This study introduced a multitask localization and segmen-
tation network, demonstrating that a boundary-aware design
outperforms a standard localization-only approach. The pro-
posed Loc+Segmodel surpassed its baseline counterpart Loc
by 22.9% in AP@0.5. This primary finding supports our
central premise that a synergistic segmentation task creates
a more robust feature representation, reducing localization
ambiguity. This was further evidenced by the model’s ability
tomaintain higher precision under increasingly stringent IoU
thresholds, confirming the value of explicit boundary aware-
ness. Our methodology was also consistent with clinical best
practices by utilizing complete bpMRI sequences, where
the T2W modality provides essential anatomical context, a
choice aligned with established PI-RADS v2.1 guidelines
[30]. A key contribution of this work was the model’s valida-
tion against annotations from an expert radiologist following
the PI-RADS protocol. Our model achieved a precision of
0.79 on these clinical delineations, suggesting its capac-
ity for independent assessment beyond simply replicating
histopathological findings. This aligns with the intended role
of such tools as decision support in clinical practice. We
also acknowledge the model’s limitations, such as missed
low-grade lesions (e.g., ISUP 2), which underscores the
need for further sensitivity improvements, particularly for the
frequent intermediate-risk lesions [31]. Our approach, how-
ever, shows promise in bridging discrepancies between ISUP
and PI-RADS annotations, enhancing the generalization of
csPCa detection.

The analysis of learned representations at different stages
of the proposed network provided a qualitative explanation
for the observed improvements. From early stages, Loc+Seg
develops different activation patterns that progressively
diverge through the feature pyramid toward boundary-aware
filters. This demonstrates that the auxiliary segmentation
task reshapes how the network encodes morphological spa-
tial information of lesions, directly translating into superior
localization performance. Our approach was also compared
with the performance reported for state-of-the-art meth-
ods on the PI-CAI challenge hidden validation cohort, as
summarized in Table 4. Under this comparison, our model
achieved an AP@0.1 of 0.72, placing it close to the top
reported performance of 0.73 by Karagoz et al. [18]. It
is important to note that these leading methods, such as
the U-Net-based approach by Karagoz et al. [18] and the
transformer-based ITUNet [19], correspond to sophisticated
segmentation networks. In order to compare with standard
baseline segmentation models, we included the performance
of the U-Net and nnU-Net models [15]. Compared with the
reportedU-Net andnnU-Net baselines under theAP@0.1 cri-
terion, the proposed hybrid Loc+Seg model obtains a higher
score, suggesting that the multitask design is beneficial for
lesion localization.Moreover, the challenge criterion τ = 0.1
is useful for assessing approximate lesion overlap, but it is
less informative regarding spatial agreement. Since AP@0.5
is unavailable formost comparedmethods, theAP@0.5value
of 0.59 should be interpreted as complementary evidence
within our protocol under a higher-overlap criterion, not as
a direct comparison against those methods.
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Despite the promising results, we identify several avenues
for future work. To improve false positive reduction, the
model could be enhanced by incorporating clinical data
and patient history. Furthermore, regarding the input fusion,
while our current approach employs channel stacking, recent
collaborative frameworks have demonstrated that reserving
modality-specific features while seeking common ground
can enhancemultimodal representation learning [32].Adopt-
ing such fusion strategies could further refine the feature
extraction from T2W, ADC, and DWI sequences to improve
localization. Another key extension is to integrate zonal
information to improve performance in anatomically com-
plex regions like the transitional zone, where radiological
interpretation is notoriously challenging [33]. Additionally,
because predictions are generated independently per slice,
3D aggregation will be considered to improve volumetric
consistency and reduce duplicate detections across adjacent
slices. Recent works have used AI-generated pseudo-labels
to increase the number of training annotations, demonstrat-
ing improvements in the segmentation of csPCa lesions [18].
We believe that the proposed method could further bene-
fit from these semi-supervised learning strategies. Studies
in other areas of medical image analysis have shown the
effectiveness of these strategies in producing more reli-
able pseudo-labels, refining delineations, and employing
uncertainty-based aggregation to achieve enhanced contours,
particularly in cases involving small tumors [34–36]. Finally,
our strategy should be further validated on larger, more
diverse datasets.

7 Conclusions

This work introduced and validated a detector-centric mul-
titask framework for the localization of clinically significant
prostate cancer in bpMRI. Our central finding is that incorpo-
rating a synergistic segmentation branch makes the network
explicitly boundary-aware, leading to measurable improve-
ments in localization accuracy and robustness. The clinical
relevance of this approach was underscored by its cor-
respondence with annotations from an expert radiologist.
This suggests that a synergistic, boundary-aware design is
a promising strategy to mitigate inter-reader variability and
provide reliable support in clinical workflows. Future work
will focus on validating this framework on larger, more
diverse patient cohorts and exploring its potential for malig-
nancy prediction.
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