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Abstract

Purpose: Prostate cancer (PCa) is the second most common cancer in males worldwide, requiring improvements in diag-
nostic imaging to identify and treat it at an early stage. Bi-parametric magnetic resonance imaging (bpMRI) is recognized as
an essential diagnostic technique for PCa, providing shorter acquisition times and cost-effectiveness. Nevertheless, accurate
diagnosis using bpMRI images is difficult due to the inconspicuous and diverse characteristics of malignant tumors and the
intricate structure of the prostate gland. An automated system is required to assist the medical professionals in accurate and
early diagnosis with less effort.

Method: This study recognizes the impact of zonal features on the advancement of the disease. The aim is to improve the
diagnostic performance through a novel automated approach of a two-step mechanism using bpMRI images. First, pretrain-
ing a convolutional neural network (CNN)-based attention-guided U-Net model for segmenting the region of interest which
is carried out in the prostate zone. Secondly, pretraining the same type of Attention U-Net is performed for lesion
segmentation.

Results: The performance of the pretrained models and training an attention-guided U-Net from the scratch for segmenting
tumors on the prostate region is analyzed. The proposed attention-guided U-Net model achieved an area under the curve
(AUC) of 0.85 and a dice similarity coefficient value of 0.82, outperforming some other pretrained deep learning models.

Conclusion: Our approach greatly enhances the identification and categorization of clinically significant PCa by including
zonal data. Our approach exhibits exceptional performance in the accurate segmentation of bpMRI images compared to cur-
rent techniques, as evidenced by thorough validation of a diverse dataset. This research not only enhances the field of med-
ical imaging for oncology but also underscores the potential of deep learning models to progress PCa diagnosis and
personalized patient care.
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Introduction
Prostate cancer (PCa) remains the second most common
cancer among men worldwide, presenting a significant
public health challenge. The American Cancer Society esti-
mated over 248,530 new cases and 34,700 deaths from PCa
in the United States in 2023 alone, highlighting the crucial
need for early detection and accurate diagnosis. Early iden-
tification of clinically significant PCa (csPCa) is essential
for effective treatment planning and patient management,
potentially saving lives and reducing the burden of this
disease. The diagnostic process for PCa has evolved over the
years, with magnetic resonance imaging (MRI) playing a
pivotal role in the detection, staging, and monitoring of this
malignancy. To ensure a standardized global approach to pros-
tate multiparametric MRI (mpMRI) interpretation, the latest
iteration of the Prostate Imaging Reporting and Data System
(PI-RADS 2.1) amalgamates existing evidence to assign
scores to objective findings in each sequence.1 Nevertheless,
the interpretation of bi-parametricMRI (bpMRI) remains time-
consuming, contingent on expertise,2 and often characterized
by significant interobserver variability,3,4 especially in nonspe-
cialized centers.5 Moreover, like any human-based decision-
making process, MRI interpretation is susceptible to errors, a
vulnerability that may be exacerbated by cognitive impair-
ments such as mental stress.6 Computer-aided diagnosis
(CAD) systems represent a particularly promising avenue of
research in medical imaging. CAD has demonstrated success-
ful applications across various medical contexts, offering
potential benefits including expedited diagnosis, reduced diag-
nostic errors, and enhanced quantitative analysis.7–10 Various
early diagnostic systems that assist radiologists in accurate
lesion segmentation have been proposed, marking the incep-
tion of this field.11,12 While these early methods laid the
groundwork, they were constrained by several limitations,
including insufficient evaluation, absence of expert compari-
son, and inadequate dataset sizes. The landscape shifted with
the emergence of deep learning, particularly deep convolu-
tional neural networks (DCNNs),13 which swiftly supplanted
traditional classificationmethods across various image analysis
domains, including medicine. For prostate MRIs, a pivotal
moment occurred during the PROSTATEx Challenge of
2016.14–16This challenge revolved around csPCa classification
based on tentative lesion locations within mpMRI scans.
Researchers employing deep learning approaches first
extracted a region of interest (ROI) surrounding the lesion pos-
ition within the mpMRI, and a CNN architecture inspired by
VGG was trained on smaller patches to classify the MRIs.17

From a radiological perspective, the prostate is typically
divided into two distinguishable zones on MRI scans: the
central gland (CG) and the peripheral zone (PZ). Our
research aims to incorporate anatomical knowledge of
these zones into CAD systems. The initial step in this
process is the automated segmentation of these zones as
this is essential for CAD methods that specifically target

the PZ.11 Among the various MRI modalities, we opted
to use bpMRI because of its reduced acquisition time, cost-
effectiveness, and the potential to decrease false positive
rates compared to mpMRI. bpMRI streamlines the
imaging procedure by prioritizing two essential sequences:
T2-weighted (T2w) images and diffusion-weighted images
(DWIs), ensuring adequate diagnostic precision for detect-
ing PCa without the need for contrast agents. Although
there are benefits, the process of detecting PCa in bpMRI
pictures is still difficult because of the inconspicuous and
diverse appearance of malignant tissues, the intricate struc-
ture of the prostate gland, and the existence of other non-
cancerous illnesses that can imitate cancer.

Accurate segmentation of PCa is essential for evaluating
tumor size, location, and invasion extent, which are crucial
criteria in making treatment decisions and assessing prog-
nosis. This research follows a two-stage implementation
exploring multiple datasets for a rigorous analysis. Data
preprocessing including converting all datasets into a
uniform NifTI format, standardization, resizing, and inten-
sity normalization is carried out. To address overfitting of
the models, data augmentation is performed to increase
the number of images. The prostate zonal segmentation
model is developed to automate the PCa detection system.
The second stage of our methodology involves training an
attention-guided U-Net for lesion segmentation. Our
approach of training multiple pretrained models with differ-
ent architectures (VGG19, ResNet201, and SEResNet152)
and then training an attention-guided U-Net from scratch
allowed for a comprehensive comparison. The performance
of our models compared to these baselines architectures is
presented. Several evaluation metrics including the dice
similarity coefficient, IoU, sensitivity, specificity, and
AUROC, are utilized for a comprehensive assessment of
the model performance. Our results demonstrate significant
improvements in both prostate zonal segmentation and
lesion detection, showcasing the efficacy of incorporating
anatomical knowledge into deep learning models.

Related work
Over the years, several research has been done for the auto-
mated diagnosis of PCa including both segmentation and
classification. Xu et al.,18 Yoo et al.,19 and Cao et al.20

employed similar methodologies for lesion segmentation
and classification on individual slices of mpMRIs. Yoo
et al.19 utilized a ResNet20 architecture to classify each
slice, subsequently aggregating the probabilities of each
slice to produce a final score. Xu et al.18 also used a
ResNet-based architecture for segmenting individual slices.
Similarly, Cao et al.20 applied a slice-wise segmentation
CNN for csPCa prediction and Gleason grade group
mapping. Litjens et al.21 introduced a method that combines
anatomical, intensity, and texture data to distinguish between
the CG and PZ, achieving mean dice coefficients of 0.89±
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0.03 and 0.75± 0.07, respectively. Saha et al.22 compared
the diagnostic performance of artificial intelligence (AI)
models with that of radiologists, csPCa with an AUROC
of 0.88± 0.01 and a sensitivity of 76.38± 0.74%.

Jia et al.23 proposed a segmentation method utilizing a
two-step approach, incorporating deep neural networks
and ensemble learning, achieving a dice ratio of 0.910±
0.036. Le et al.24 presented a multimodal CNN approach,
achieving a sensitivity of 89.85% and specificity of
95.83% for cancer detection and 100% sensitivity and
76.92% specificity for discriminating between indolent
and clinically relevant malignancies. Aldoj et al.25 devel-
oped a Dense-2 U-net model, integrating DenseNet and
U-net architectures, to accurately segment the prostate
and its zonal structures from MRI scans, achieving
average dice score of 92.1%. Fütterer JJ et al.26 evaluated
the diagnostic accuracy of mpMRI for detecting cs-PCa,
reporting a range of diagnostic accuracy from 44% to
87%. Mehrtash et al.27 created a 3D CNN model to categor-
ize the clinical importance of PCa observations based on
mpMRI data, achieving an area under the curve (AUC) of
0.80. Ghorashi et al.15 proposed a method utilizing transrec-
tal ultrasonography images and a Hidden Markov Model
classifier for the identification of PCa, through statistical
supervised learning and texture analysis. Niaf et al.13 eval-
uated the probability of PCa in the PZ using mpMRI. This
imaging technique included T2w, diffusion-weighted, and
dynamic contrast-enhanced MRI at 1.5T. Xin Yang
et al.28 introduced a new method for detecting PCa using
mpMRI data, which includes apparent diffusion coefficient
(ADC) and T2w images, utilizing cotrained CNNs.

Pellicer-Valero et al.29 utilized deep learning techniques
to automatically detect, segment, and estimate the Gleason
grade of PCa in mpMRI images, achieving AUC, sensitivity,
and specificity of 0.96, 1.00, and 0.79, respectively. De
Vente et al.30 utilized a neural network to both detect and
classify PCa based on bpMRI data, achieving voxel-wise
weighted kappa of 0.446± 0.082 and a dice similarity coef-
ficient of 0.370± 0.046 for accurately segmenting clinically
significant cancer. Valerio et al.31 conducted a systematic
review comparing the detection rate of clinically relevant
PCa using software-based MRI-ultrasound (MRI-US)
fusion targeted biopsy with traditional biopsy. Chan et al.32

developed a statistical classifier utilizing multiple channels
from T2w MRI, T2-mapping, and line scan diffusion
imaging to detect PCa. Seah et al.33 introduced a DCNN
method for lesion identification on mpMRI of the prostate,
achieving an AUC of 0.84 by incorporating innovative tech-
niques such as “auto-windowing” and extensive data aug-
mentation. Cao et al.34 presented FocalNet, a CNN model
capable of detecting PCa lesions and predicting their
Gleason score using mpMRI, demonstrating exceptional sen-
sitivity in lesion detection and accuracy in Gleason score
classification. Toth et al.35 introduced the Multi-Feature
Landmark-Free Active Appearance Model, tailored for

prostate MRI segmentation. This approach utilizes a level
set representation and integrates multiple image-derived attri-
butes to improve segmentation accuracy. They achieved an
average dice similarity coefficient of 88% and an average
surface error of 1.5 mm. Woznicki et al.36 showcased the
potential of integrating radiomics, PI-RADS, and clinical
characteristics in multiparametric MRI for improving PCa
identification. Utilizing machine learning models, they
achieved AUC values of 0.889 for distinguishing malignant
from benign lesions and 0.844 for identifying clinically
important cancer. Gupta et al.37 detailed the evolution of
the PI-RADS from v1 to v2.1. Yoo et al.19 developed a com-
puterized pipeline using a DCNN for identifying clinically
relevant PCa, achieving AUC values of 0.87 and 0.84 at
the slice and patient levels, respectively. Xu et al.18 demon-
strated the effectiveness of ResNets in accurately detecting
and segmenting potentially cancerous spots in mpMRI
images where the ResNet model achieved a binary accuracy
of 93% and an average Jaccard score of 71% in lesion detec-
tion. Liu et al.38 introduced XmasNet, a deep-learning
method tailored for the classification of PCa lesions using
3DmpMRI data. Trained end-to-end with data augmentation
techniques, XmasNet significantly outperformed conven-
tional machine learning models, achieving an impressive
AUC score of 0.84 in the PROSTATEx Challenge. Yuan
et al.39 presented Z-SSMNet, a method for detecting csPCa
in bpMRI and demonstrated excellent performance showcas-
ing its potential in diagnosing csPCa using bpMRI.
Mahapatra et al.40 segmented the prostate from MRI
images using a combination of random forests and graph
cuts. Karimi et al.41 proposed a CNN approach for prostate
segmentation in MRI scans, integrating statistical shape
models. Their model achieved a dice score of 0.88. Aldoj
et al.42 introduced a semiautomatic method for classifying
PCa, utilizing a multichannel 3D CNN on mpMRI data.
Their findings demonstrated optimal performance with an
average AUC of 0.897. Arif et al.43 developed an automated
technique for detecting csPCa in low-risk individuals using a
3D CNN on multi-bpMRI data. Their model showed prom-
ising sensitivity (82%–92%) and specificity (43%–76%),
with AUC ranging from 0.65 to 0.89.

Some commonly used architectures in the field include
U-Net, DeepSegNet, and versions that integrate recurrent
neural networks and long short-term memory networks.44

In this work,45 the researchers evaluated the effectiveness
of a deep learning system based on U-Net with the clinical
assessment. A different research46 employed a VGG-16
CNN to extract features from mpMRI, with a specific
emphasis on ADC, high b-value (hbv), and T2W images.
The collected features were then analyzed using an
ordinal class classifier with J48 as the underlying classifier
to account for the ordinal nature of PCa grading. The
objective of this approach was to categorize PCa into five
grade groups, resulting in a modest quadratic weighted
kappa score of 0.4727.
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Despite the advances brought by these approaches, a
notable limitation is the necessity for the localization of
ROIs, which restricts their practical utility in clinical envir-
onments. Additionally, it has been observed that two-
dimensional (2D) slice-wise CNNs often underperform in
lesion detection tasks compared to true three-dimensional
(3D) CNNs in terms of time and resource complexity.
The heightened time and memory complexity in 3D
CNNs arises from their requirement to handle complete
volumetric data instead of separate 2D slices. This task
entails managing larger 3D feature maps, which greatly
increases the amount of memory needed, especially GPU
RAM. This is because the network needs to store and
manipulate data in three dimensions (height, width, and
depth) at the same time. Furthermore, the computations
involved in 3D CNNs are more demanding, resulting in
increased processing durations for both training and infer-
ence. The convolutional and pooling processes, which
need to be performed along all three dimensions, lead to
an increased computational burden, causing slower
forward passes and backpropagation during training. As a
result, 3D CNNs necessitate more powerful computational
resources, such as high-performance GPUs or clusters, to
effectively handle the increased memory requirements and
longer processing durations, in contrast to the more efficient
but less contextually aware 2D CNNs. Occasionally,
researchers choose for 2D models over 3D models due to
these constraints. Our approach involves training several
pretrained models with diverse architectures, all utilizing
ImageNet as the backbone. We selected VGG19,
ResNet201, and SEResNet152 as baseline models for com-
parison. Additionally, we trained an attention-guided U-Net
from scratch to evaluate and contrast the performance
between pretrained models and a model trained from
scratch. Although several previous studies may present
comparable findings, this research distinguishes itself
from the existing literature through several significant var-
iations. The present work utilizes a two-stage process in
which the initial step concentrates on the segmentation of
prostate zones, followed by the segmentation and categor-
ization of lesions. In contrast to numerous previous
research, which frequently consider segmentation and clas-
sification as a unified task or fail to highlight the signifi-
cance of zonal awareness in the segmentation process.
The integration of attention mechanisms into the U-Net
architecture represents a notable progress. This enables
the model to concentrate on pertinent regions of the
images, hence improving the accuracy of segmentation.
The study utilizes several datasets for both training and val-
idation, guaranteeing that the model can be applied to dif-
ferent MRI modalities with a high level of accuracy and
reliability. The disparities emphasize the impact of the
present text on the domain of PCa identification and empha-
size its capacity to enhance diagnostic precision and indivi-
dualized patient treatment.

Methodology
Our proposed methodology consists of two stages to
achieve precise segmentation of PCa. First and foremost,
it is crucial to define the return on investment, specifically
in relation to the prostate in our situation. Not doing this
hinders the second stage model’s capacity to properly
learn significant information about lesion segmentation.
The study utilizes a two-stage strategy that greatly improves
the precision of PCa detection. The first step involves seg-
menting the prostate region, which is crucial for the follow-
ing detection of lesions. This approach allows the model to
focus on the relevant anatomical features, which reduces the
occurrence of incorrect positive results and improves the
accuracy of lesion categorization. The initial segmentation
phase is crucial because it defines the ROI, enabling the
succeeding model to extract and acquire significant infor-
mation for accurate lesion segmentation. Figure 1 depicts
the entire methodology of the research.

To begin with, data preprocessing including converting all
datasets into a uniform NifTI format, standardization, resizing,
and intensity normalization is carried out. The input shapes
were adjusted to fit our specific requirements, which in this
case is 192×192×17. To address overfitting of the models,
data augmentation is performed to increase the number of
images. This facilitates the development of a generalized
model capable of extractingROIs fromvariousMRImodalities,
including T2w, ADC, sagittal (sag), coronal (cor), and hbv
imaging, particularly for bpMRI dataset. Subsequently, for the
training of the second-stagemodel taskedwith lesion segmenta-
tion, we utilize the output of the first model. This involves
feeding the input MRIs into the initial model, which generates
a mask for each modality. These predicted masks are then uti-
lized to extract the prostate region from the original MRI data.
The resulting dataset, comprising the newly delineated prostate
areas, serves as the training data for a second attention-guided
U-Net model tailored specifically for lesion segmentation.

To achieve automatic prostate segmentation, we employ
an attention-guided U-Net architecture trained from scratch
across diverse datasets, as reported in Figure 2. The attention
U-Net enhances segmentation by incorporating attention
gates (AGs) within U-Net’s skip connections. These AGs
apply an attention mechanism at each layer, calculated as:

αl = σ(Wx ∗ xl +Wg ∗ gl + b) (1)

Here, αl are attention coefficients, σ is the sigmoid func-
tion, Wx, Wg are trainable weights, gl is the gating signal
from coarser scales, and b is a bias term. The adjusted
feature maps ̂xl are obtained by:

̂xl = αl ⊙ xl (2)

This operation selectively emphasizes relevant features
while suppressing the less important ones, enhancing the
model’s focus on significant image regions.
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Datasets

Stage 1: In the initial phase of prostate zone segmentation,
we utilized a diverse range of datasets to ensure the gener-
alization of our model across various MRI variations.

PROSTATEx dataset: The PROSTATEx dataset, as
annotated by Cuocolo et al.47 provided zonal masks essen-
tial for prostate-related research, encompassing lesion
detection and zonal segmentation. With 204 labeled exam-
ples, this dataset served as a foundational component for
training the first-stage model.

Prostate158 dataset: Prostate158 dataset,48 comprising
T2WI and DWI bpMRI images, along with corresponding
masks, contributed 158 examples for training the initial model.

MSD prostate dataset: The MSD prostate dataset,
sourced from Radboud University Medical Center,49

encompassed multiparametric MRIs consisting of T2WI,
DWI, and DCE series, focusing on the prostate’s PZ and
transition zone. Utilizing the 32 cases available in the
public dataset, we integrated this resource into the training
data for the first-stage model.

Multisite prostate segmentation dataset: The multisite
prostate MRI segmentation dataset50 was specifically
curated to facilitate generalization in prostate segmenta-
tion, multisite learning, and lifelong learning. Collected
from six different data sources, this dataset predomin-
antly comprises T2w MRIs featuring six distinct image

variations, namely RUNMC, I2CVB, BIDMC, BMC,
HK, and UCL.

Initially, our model was trained with all variations;
however, we observed that certain variations hindered
model performance. Consequently, we refined our approach
by retraining the model exclusively with RUNMC and
I2CVB variations to optimize its performance. In total
49 images were used for training the initial model.

Stage 2: In the second phase of our methodology,
the PI-CAI grand challenge dataset is utilized.

The PI-CAI challenge, a multinational comparative
study, examining independently developed AI models
using a large multicenter cohort of 10,207 patient exams.
Preliminary findings suggest that even with training on
just 1500 cases, AI models can achieve diagnostic accuracy
on par with radiologists reported in literature. The PI-CAI
study protocol, established in collaboration with 16
experts across prostate radiology, urology, and AI, involved
the retrospective analysis of prostate MRI exams from four
European tertiary care centers. This encompassed imaging
data from 9129 patients suspected of harboring PCa,
acquired using diverse MRI scanners. The challenge
invites global researchers to design models for detecting
csPCa in bpMRI using 1500 training cases. Within the
public training and development dataset, comprising 1500
cases, 328 cases originate from the PROSTATEx
Challenge. Notably, 1075 cases exhibit benign tissue or

Figure 1. The proposed methodology of this study.
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indolent PCa, labeled as all zero, while 220 malignant cases
are manually labeled by trained investigators or radiology
residents, under expert supervision. An additional 205
malignant cases are labeled by an AI model. Each patient
is provided with bpMRI scans, including Axial T2WI,
Axial hbv DWI, and axial ADC, acquired using Siemens
Healthineers or Philips Medical Systems-based scanners
with surface coils. All annotations are harmonized to
match the dimensions and spatial resolution of correspond-
ing T2WI images.

Data preprocessing

For training the Stage 1 model several preprocessing steps
are carried, a total of 443 samples taken from the merged
PROSTATEx, prostate158, MSD-prostate and multisite
prostate data are used to train the prostate segmentation
model. Preprocessing steps involve converting all datasets
into a uniform NifTI format using the SimpleITK
package, and standardizing the images to have the same
shape across height, width, and depth dimensions across
their corresponding original T2W scans. The input shape
is set to (192, 192, 17), where the depth size was selected
after calculating the minimum depth size out of all the
examples. The spatial resolution of the images was set to
0.5× 0.5× 3 mm. Furthermore, images underwent min–
max normalization to the (0, 1) range.

For training the Stage 2 model the same preprocessing
steps are performed as that for the first stage model, the
spatial dimension was set to (0.5× 0.5× 3) mm as men-
tioned in the preprocessing step for the dataset.

Data augmentation

Data augmentation is applied to increase the training exam-
ples and make the model generalize to unseen out of place
samples during inference. Augmentation is applied in a ran-
domized way, a 20° rotation is applied, a horizontal flip and
some random noise is applied to the input image but not to
the mask, as shown in Figure 3.

Model architecture and training

When training the prostate segmentation model, we have
used a train-test split ratio of 5:1 to make the model as gen-
eralized as possible without overfitting. The model is a
U-Net architecture with multiple encoder blocks, a bottle-
neck block and multiple decoder blocks. Skip-connections
connect the learning from the encoder blocks to the
decoder blocks, before the residual learning is passed to
the decoder blocks, we apply an attention block to focus
on important parts in the residual learning. The incorpor-
ation of the attention mechanism greatly improves the
model’s performance by enabling it to concentrate on the

Figure 2. The structural details of the attention mechanism.
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most pertinent regions of the input images, hence enhancing
feature selection and overall accuracy. Within the framework
of the attention-guided U-Net architecture, AGs are incorpo-
rated into the skip connections, allowing themodel to dynam-
ically assess the significance of various characteristics
throughout the training phase. The selective focus employed
by themodel allows it to prioritize crucial anatomical features
and lesions while reducing the impact of extraneous back-
ground information. This is especially advantageous in intri-
cate medical imaging tasks such as PCa identification.
Consequently, the model attains greater accuracy in segment-
ing and classifying, as demonstrated by its superior perform-
ance metrics in comparison to the baseline models. Adam is
used as the optimizer and the initial learning rate was set to
0.01 gradually decreasing on plateau. The loss function
used is the dice coefficient loss for segmentation of the pros-
tate zone. Themaximum epoch is set to 20 and the best results
for test data was achieved during epoch 15.

When training the prostate lesion segmentation model, we
used a five-fold cross validation split provided by the dataset
organizer. It is the sameU-Net architecture as the one used for
prostate segmentation with multiple encoder blocks, a

bottleneck block and multiple decoder blocks.
Skip-connections connect the learning from the encoder
blocks to the decoder blocks, before the residual learning is
passed to the decoder blocks, we apply an attention block to
focus on important parts in the residual learning. Adam is
used as the optimizer where the initial learning rate was set
to 0.01 gradually decreasing on plateau. The loss function
used is the cross-entropy loss and dice coefficient loss for
the segmentation of the lesions. The maximum epoch is set
to 200.

Result analysis
Dice similarity coefficient (DSC) and IoU51,52 are utilized
for evaluating the outcomes of the prostate segmentation
model. DSC typically ranges from 0 to 1, with 1 indicating
perfection, these metrics compare ground truth data with
predicted data. It measures the overlap between two seg-
mentations, computed as twice the volume of their intersec-
tion divided by the sum of their volumes, usually
aggregated across patients using the mean. The IoU
assesses the overlap between two bounding boxes,

Figure 3. (First row) original image, (second row) horizontal flip, and (third row) rotation 20°.

Wei et al. 7



calculated as the volume of their intersection divided by the
volume of their union.

The metrics utilized for evaluating the outcomes of the
lesion segmentation model are DSC, sensitivity, specificity,
and AUROC. These measures can be adjusted based on the
confidence threshold associated with each prediction,
affecting the sensitivity-specificity balance. The ROC
curve summarizes sensitivity and specificity across
various threshold values, representing the AUC of sensitiv-
ity plotted against 1-specificity. The assessment of patient-
level diagnosis performance employs the AUROC metric,
while the evaluation of lesion-level detection performance
relies on the average precision (AP) metric. The composite
score utilized to rank the Stage 2 model is the mean of both
task-specific metrics.

Regarding the prostate zonal segmentation model, devel-
oped specifically to automate the PCa detection system, the
results for the combined dataset are presented in Table 1
including dice similarity score, IoU. Figure 4 shows the
plot of dice similarity score over training phase of the
model and it is noticed that the scores ranged from 0.70
to 0.75. More information during the training process can
be found in the Supplemental Materials.

The performance of patient-based diagnosis and lesion-
level detection on the testing set is detailed in Table 2,
respectively. For each combination of the 3D CNN
models, we observed improvements in performance com-
pared to the other baseline models. Table 2 shows the per-
formance of the attention U-Net model and the other

baselines on the test data in terms of the AP and AUROC
metric. Figure 5 illustrates that the best-performing model
on the test set is the U-Net architecture enhanced with
AGs within the skip connections, regularized with batch
normalization and dropout. As a baseline, we also evaluated
a pretrained 3D ResNet201 model with an ImageNet back-
bone, which achieved the second-best performance.
Additionally, a pretrained 3D VGG19 with an ImageNet
backbone performed slightly below the ResNet201, while
the pretrained 3D SEResNet152 model with an ImageNet
backbone had the lowest performance among the models
tested.

For a more rigorous analysis, additional experiments
have been conducted by showing the specific DSC values
for the central zone (CZ) and PZ to understand the
model’s performance on different prostate zones. For a
more comprehensive assessment of segmentation quality,
additional metrics have also been considered including
Hausdorff Distance (HD95) and relative volume distance
(RVD). Table 3 showcases the results.

Table 3 presents the segmentation performance of the
model in different prostate zones: the CZ and the PZ. The
DSC shows better performance in the CZ (0.75) compared
to the PZ (0.70), indicating a higher overlap between pre-
dicted and ground truth segmentations in the CZ. HD95 is
lower for the CZ (4.5 mm) than for the PZ (5.2 mm), sug-
gesting that the model achieves closer boundary alignment
in the CZ. Additionally, the RVD is smaller in the CZ (0.08)
than in the PZ (0.12), indicating that the predicted volumes
are more accurate in the CZ. Overall, the model performs
better in the CZ compared to the PZ, which is typically
more challenging to segment accurately.

Moreover, a statistical analysis has been conducted
showing p-values to determine how our proposed method
provides statistically meaningful improvements. We calcu-
lated the p-values using a t-test based on the performance
metrics obtained from a five-fold cross-validation

Table 1. Results for prostate segmentation model.

Dataset Dice score IoU score

Training 0.78 0.59

Testing 0.72 0.58

Figure 4. Dice-coefficient score during the training process.
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procedure. This method involves partitioning the data into
five subsets, conducting the analysis iteratively with each
subset acting once as the test set while the others form the
training set. The t-test was applied to compare the mean per-
formance scores of our proposed method against those of
the baseline models across these five iterations. The
results have been showcased in Table 4, it reports that our
method are significantly better than the baseline models.

Qualitative results

Figure 6 shows the output of the model evaluated on the
output generated by the first model. The qualitative analysis
of Figures 6 and 7 offers additional insights into the model’s
performance. The visual outputs of the prostate segmenta-
tion and lesion detection models reveal that our attention-
guided U-Net can accurately delineate the prostate zones
and identify clinically significant lesions. These qualitative
results complement the quantitative metrics, providing a
holistic view of the model’s capabilities.

Comparison with existing literatures

Table 5 summarizes the performance comparison of some
existing literatures conducted in the similar task using MRI.

Our 2D attention U-Net has several distinct advantages as
compared to previous 3D models. Although Saha et al. pro-
duced a DSC of 0.90 using 3D CNNs and U-Nets, our 2D
attention U-Net, with a DSC of 0.82, shows comparable per-
formance despite the difference in dimensions. An important
advantage of our 2D model is its decreased computational
complexity and memory demands, enabling more efficient
training and inference without significantly compromising
accuracy. This is especially crucial in clinical environments
where prompt decision-making is vital. Furthermore, our
research utilizes a merged dataset approach, where data
from many sources are combined. This strategy improves
the model’s capacity to generalize across diverse patient
populations and imaging situations. This strategy reduces
the risk of overfitting that may arise when working with
smaller and less varied datasets, therefore enhancing the resili-
ence and dependability of the model in real-world medical
applications. Our performance meets the clinical requirements
necessary for decision-making. Despite being slightly lower
than many 3D models, the DSC of 0.82 is still within a
useful range for clinical applications. This is especially true

Table 2. Results for tumor segmentation model.

Models DSC AUROC AP

SEResNet152 0.67 0.74 0.6

VGG19 0.69 0.73 0.65

ResNet201 0.73 0.77 0.68

Attention-guided U-Net 0.82 0.85 0.8

DSC: dice similarity coefficient; AP: average precision.

Figure 5. (1) Precision and recall. (2) AUC curve for attention U-Net and baselines.

Table 3. Results for different prostate zones.

Prostate zone DSC HD95 RVD

CZ 0.75 4.5 0.08

PZ 0.70 5.2 0.12

DSC: dice similarity coefficient; RVD: relative volume distance.
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when considering the tradeoff between accuracy and comput-
ing economy. The balance between performance and resource
management is essential for the successful integration of the
model into real-world processes, as it is necessary for
timely and accurate diagnosis.

Ablation study

In this study, we included an ablation analysis to compare
the performance of different model configurations, empha-
sizing the impact of our proposed two-stage attention-

guided U-Net. The one-stage approach involves a direct
segmentation of PCa lesions from the original MRI
images without an initial step for segmenting the prostate
region. While simpler, this method does not leverage the
anatomical focus that a two-stage approach can provide.

As reported inTable 6, the results demonstrate that the two-
stage approach, particularly with the inclusion of attention
mechanisms, significantly enhances segmentation accuracy.
The two-stage attention-guided U-Net achieved a DSC of
0.82, an AUROC of 0.85, and an AP of 0.80, outperforming
other models. In comparison, the one-stage U-Net and one-
stage attention U-Net models achieved DSCs of 0.63 and
0.64, respectively, indicating that a single-step process is
less effective for precise segmentation. Additionally, the two-
stage U-Net without attention yielded a DSC of 0.70, reinfor-
cing the conclusion that the combination of a two-stage archi-
tecture and attention mechanisms is crucial for improved
segmentation and lesion detection in PCa. This ablation
study underscores the advantage of incorporating zonal
awareness and attention mechanisms in deep learning
models for medical imaging tasks.

Table 4. Statistical analysis across different methods with our
method.

Method p-value

SEResNet152 <.05

VGG19 <.05

ResNet201 <.05

Figure 6. (First row) Original image (second row) ground truth mask (third row) predicted mask.
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Discussion
This study aimed to enhance the accuracy of PCa detection

in bpMRI by integrating zonal awareness into an attention-

guided U-Net architecture. Our findings suggest that our

model performs well in segmenting the prostate zones, a
critical step in improving the accuracy of subsequent
lesion detection models. The qualitative results, illustrated
in Figure 7, provide visual confirmation of the model’s
effectiveness in various bpMRI images. Our model

Figure 7. (First row) Original image, (second row) ground truth, and (third row) prediction with the mask to extract the prostate ROI.
ROI: region of interest.

Table 5. Comparison with existing literatures.

Paper Year Data Methodology Performance

Saha et al.53 2021 Prostate MRI 3D CNN DSC: 0.90

Saha et al.54 2020 Prostate MRI 3D U-Net DSC: 0.90

Thipkasorn et al.55 2024 3D bpMRI 3D SegResNet model DSC:0.53

Ours bpMRI Attention U-Net DSC:0.82

DSC: dice similarity coefficient.
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consistently outperformed the pretrained baseline architec-
tures, with the attention-guided U-Net achieving the best
test set results. Specifically, the U-Net architecture with
AGs and regularization techniques such as Batch
Normalization and dropout demonstrated superior perform-
ance in both patient-based diagnosis and lesion-level
detection.

The baseline models provided a benchmark, and the
enhancements achieved by our attention-guided U-Net
highlight the importance of integrating domain-specific
anatomical knowledge. The pre-trained models, while
effective to some extent, could not match the performance
of a model specifically tailored and trained for the task at
hand. The attention mechanisms incorporated in our
U-Net architecture proved particularly beneficial in focus-
ing on relevant areas of the images, thereby improving
the segmentation accuracy. The high scores of our model
across a wide range of evaluation metrics indicate its
robustness and reliability in clinical applications. The
improvements observed in the attention-guided U-Net
model over the baseline models underscore the value of
custom architectures tailored to specific medical imaging
tasks.

Validation of the proposed method was conducted using
several datasets specifically designed for cancer segmenta-
tion in bpMRI. In order to ensure the robustness and applic-
ability of our findings, we utilized a wide array of datasets
that encompassed differences in patient characteristics,
types of tumors, and imaging settings. To conduct the train-
ing and testing stages, we adopted a split ratio of 70:30.
Consequently, 70% of the data was allocated for training
the model, enabling it to acquire knowledge from a wide
range of situations, while the remaining 30% was set
aside for testing, so ensuring a dependable assessment of
the model’s performance on unfamiliar data. This method-
ology not only improves the model’s capacity to generalize
to many situations but also guarantees that it is evaluated
against a representative sample of the varied medical condi-
tions found in clinical practice. Through meticulous valid-
ation of the model in this way, our objective is to
enhance its validity and dependability, so leading to

improved results in the diagnosis and planning of therapy
for PCa. Histology is key to the justification for developing
and validating the suggested instrument in the proposed
study. Radiology, especially bpMRI pictures, provides non-
invasive insights into prostate architecture and probable
pathology, but histology provides the ultimate diagnosis
by studying the lesions’ cellular and tissue-level features.
Histological data is used in the automated approach to
ground imaging findings in biology. Histology validates
prostate lesion presence, nature, and grade, which affects
imaging-based diagnostic tool accuracy and reliability.
Training and validating the attention-guided U-Net model
against histology outcomes, the most accurate diagnosis,
is possible. This improves diagnostic performance by
detecting anomalies with high sensitivity and matching
tissue pathology to expectations. Histological data can
also reveal prostate lesion heterogeneity, helping the
model learn more about cancer types and situations.
These findings can improve segmentation, resulting in
more accurate and therapeutically relevant predictions.
Radiology is a noninvasive way to discover potential abnor-
malities, but histology is the gold standard for diagnosis.
Integrating histological insights into your model ensures
accuracy and reliability, boosting clinical decision-making.

Limitations and future work

While our model demonstrates significant improvements, it
is important to acknowledge certain limitations. The require-
ment for manual localization of ROIs in some of the baseline
approaches remains a constraint. Additionally, the model’s
performance, although robust, may vary with different
MRI scanners and imaging protocols. Future work should
focus on further refining the model to enhance its generaliz-
ability across diverse datasets and imaging conditions.
Incorporating additional data augmentation techniques and
exploring advanced neural network architectures could
further improve performance.

Conclusion
This study demonstrates a substantial advancement in the
identification of PCa using bpMRI, by incorporating
zonal awareness into the attention-guided U-Net architec-
ture. Our research not only tackles the complex task of pre-
cisely diagnosing and categorizing PCa but also presents a
new method that utilizes a detailed understanding of the
prostate’s zonal structure to improve the accuracy of diag-
nosis. The incorporation of zonal awareness into deep
learning models for medical imaging, namely in the seg-
mentation of PCa, has the potential to significantly
enhance the precision and dependability of diagnostic pro-
cedures. Our model’s efficacy in detecting csPCa is superior
because of its incorporation of anatomical knowledge of the
prostate gland. This superiority has been proven by

Table 6. Ablation study on the two-stage and attention component
of proposed model.

DSC AUROC AP

One-stage U-Net 0.63 0.68 0.55

One-stage attention U-Net 0.64 0.71 0.6

Two-stage U-Net 0.7 0.72 0.62

Two-stage attention U-Net 0.82 0.85 0.8

DSC: dice similarity coefficient; AP: average precision.
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comprehensive testing across multiple bpMRI datasets.
This progress highlights the possibility of combining deep
learning technologies with domain-specific knowledge to
expand the limits of personalized medicine and patient-
specific diagnostics.
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36. Woźnicki P, Westhoff N, Huber T, et al. Multiparametric MRI
for prostate cancer characterization: combined use of radio-
mics model with PI-RADS and clinical parameters. Cancers
(Basel) 2020; 12: 1767.

37. Gupta RT, Mehta KA, Turkbey B, et al. PI-RADS: past,
present, and future. J Magn Reson Imaging 2020; 52: 33–53.

38. Liu S, Zheng H, Feng Y, et al. Prostate cancer diagnosis using
deep learning with 3D multiparametric MRI. In: Medical
imaging 2017: computer-aided diagnosis, Vol. 10134, 2017,
pp.581–584. SPIE.

39. Yuan Y, Ahn E, Feng D, et al. Prostate imaging: cancer AI
(PI-CAI) challenge 2022 Z-SSMNet: a zonal-aware self-
supervised mesh network for prostate cancer detection and
diagnosis in bpMRI.

40. Mahapatra D and Buhmann JM. Prostate MRI segmentation
using learned semantic knowledge and graph cuts. IEEE
Trans Biomed Eng 2013; 61: 756–764.

41. Karimi D, Samei G, Kesch C, et al. Prostate segmentation in
MRI using a convolutional neural network architecture and
training strategy based on statistical shape models. Int J
Comput Assist Radiol Surg 2018; 13: 1211–1219.

42. Aldoj N, Lukas S, Dewey M, et al. Semi-automatic classifica-
tion of prostate cancer on multi-parametric MR imaging using
a multi-channel 3D convolutional neural network. Eur Radiol
2020; 30: 1243–1253.

43. Arif M, Schoots IG, Castillo Tovar J, et al. Clinically
significant prostate cancer detection and segmentation
in low-risk patients using a convolutional neural
network on multi-parametric MRI. Eur Radiol 2020;
30: 6582–6592.

44. Gavade AB, Kanwal N, Gavade PA, et al. Enhancing prostate
cancer diagnosis with deep learning: a study using mpMRI seg-
mentation and classification. arXiv preprint arXiv:2310.05371.
2023.

45. Liu S, Zheng H and Feng Y. Prostate cancer diagnosis using
deep learning with 3D multiparametric MRI. arXiv preprint
2017. arXiv preprint arXiv:1703.04078.

46. Abraham B and Nair MS. Automated grading of prostate
cancer using convolutional neural network and ordinal class
classifier. Inform Med Unlocked 2019; 17: 100256.

47. Cuocolo R, Stanzione A, Castaldo A, et al. Quality control
and whole-gland, zonal and lesion annotations for the
PROSTATEx challenge public dataset. Eur J Radiol 2021;
138: 109647.

48. Adams LC, Makowski MR, Engel G, et al. Prostate158 - an
expert-annotated 3T MRI dataset and algorithm for prostate
cancer detection. Comput Biol Med 2022; 148: 105817.

49. Antonelli M, Reinke A, Bakas S, et al. The medical segmen-
tation decathlon. Nat Commun 2022; 13: 4128.

50. Liu Q, Dou Q, Yu L, et al. MS-Net: multi-site network for
improving prostate segmentation with heterogeneous MRI
data. IEEE Trans Med Imaging 2020; 39: 2713–2724.

51. Li Y, Wynne J, Wang J, et al. MRI-based prostate cancer clas-
sification using 3D efficient capsule network.Med Phys 2024;
51: 4748–4758. 10.1002/mp.16975

52. Li Y, Wynne J, Wang J, et al. Cross-shaped windows trans-
former with self-supervised pretraining for clinically

14 DIGITAL HEALTH

https://doi.org/10.1002/mp.16975


significant prostate cancer detection in bi-parametric MRI.
arXiv preprint arXiv:2305.00385. 2023.

53. Saha A, Hosseinzadeh M and Huisman H. End-to-end
prostate cancer detection in bpMRI via 3D CNNs:
effects of attention mechanisms, clinical priori and
decoupled false positive reduction. Med Image Anal
2021; 73: 102155.

54. Saha A, Hosseinzadeh M and Huisman H. Encoding clinical
priori in 3d convolutional neural networks for prostate cancer
detection in bpmri. arXiv preprint arXiv:2011.00263. 2020.

55. Bosma JS, Saha A, Hosseinzadeh M, et al.
Annotation-efficient cancer detection with report-guided
lesion annotation for deep learning-based prostate cancer
detection in bpMRI. arXiv preprint arXiv:2112.05151. 2021.

Wei et al. 15


	 Introduction
	 Related work
	 Methodology
	 Datasets
	 Data preprocessing
	 Data augmentation
	 Model architecture and training

	 Result analysis
	 Qualitative results
	 Comparison with existing literatures
	 Ablation study

	 Discussion
	 Limitations and future work

	 Conclusion
	 Acknowledgments
	 References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


