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Background: Prostate volume, as determined by magnetic resonance imaging (MRI), is a useful biomarker both for
distinguishing between benign and malignant pathology and can be used either alone or combined with other parameters
such as prostate-specific antigen.
Purpose: This study compared different deep learning methods for whole-gland and zonal prostate segmentation.
Study Type: Retrospective.
Population: A total of 204 patients (train/test = 99/105) from the PROSTATEx public dataset.
Field strength/Sequence: A 3 T, TSE T2-weighted.
Assessment: Four operators performed manual segmentation of the whole-gland, central zone + anterior stroma
+ transition zone (TZ), and peripheral zone (PZ). U-net, efficient neural network (ENet), and efficient residual factorized
ConvNet (ERFNet) were trained and tuned on the training data through 5-fold cross-validation to segment the whole
gland and TZ separately, while PZ automated masks were obtained by the subtraction of the first two.
Statistical Tests: Networks were evaluated on the test set using various accuracy metrics, including the Dice similarity
coefficient (DSC). Model DSC was compared in both the training and test sets using the analysis of variance test (ANOVA)
and post hoc tests. Parameter number, disk size, training, and inference times determined network computational com-
plexity and were also used to assess the model performance differences. A P < 0.05 was selected to indicate the statistical
significance.
Results: The best DSC (P < 0.05) in the test set was achieved by ENet: 91% � 4% for the whole gland, 87% � 5% for the
TZ, and 71% � 8% for the PZ. U-net and ERFNet obtained, respectively, 88% � 6% and 87% � 6% for the whole gland,
86% � 7% and 84% � 7% for the TZ, and 70% � 8% and 65 � 8% for the PZ. Training and inference time were lowest
for ENet.
Data Conclusion: Deep learning networks can accurately segment the prostate using T2-weighted images.
Evidence Level: 4
Technical Efficacy: Stage 2
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The assessment of prostate volume (PV) has shown clinical
relevance for benign as well as malignant pathologies.1–3 In

particular, PV is employed to calculate biomarkers suggestive
of clinically significant prostate cancer (csPCa), usually in

combination with serum levels of prostate-specific antigen
(PSA).4,5 Among these, PSA density (PSAd, the ratio between
PSA and PV) has been object of numerous investigations, both
alone and in combination with MRI, and is included as a
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valuable biomarker in current prostate cancer guidelines.4,6–8

Interestingly, studies have proposed transition zone PSA
density (TZPSAd) as a more accurate indicator of csPCa,
compared to PSAd.9,10 More recently, the prostate volume
index (PVI, the ratio between transition zone and peripheral
zone volumes) has been investigated for both inflammatory
and neoplastic prostate pathologies, with promising results.5

Current Prostate Imaging Reporting and Data System
(PI-RADS) guidelines suggest the use of an ellipsoid formula
for calculation of PV from MRI exams.11 While this for-
mula has shown good correlation with PV, obtained from
manual segmentation or surgical specimens, it is not totally
accurate, especially for grossly hypertrophic glands. For
these, other formulas have been proposed, with unsatisfac-
tory results.12,13 Currently, no recommended methods are
available for zonal anatomy segmentation outside of manual,
slice-by-slice annotation.

Machine learning (ML), especially deep learning (DL),
allows for an automated analysis of medical images. These
techniques have been object of great interest in radiology and
prostate imaging.14–16 Among the tasks that can be addressed
by ML and DL is that of automated prostate segmentation,
as shown in previous works.17,18 However, DL networks
often require high computational power and training time,
limiting clinical applicability.19,20

The aim of this study was to compare different DL net-
works in the task of automated whole-gland and zonal anatomy
segmentation of prostate MRI exams, taking into account their
accuracy, training time, and hardware requirements.

Materials and Methods
Dataset
For the present study, public data from the Radboud University col-
lected in the PROSTATEx dataset and available from “The Cancer
Imaging Archive” repository were employed to train and test the DL
models.21,22 Specifically, axial T2-weighted images were used,
with a 0.5 × 0.5 mm in-plane resolution and 3.6 mm slice thick-
ness. The prostate MRI exams included in this dataset were
acquired on 3 T scanners (MAGNETOM Trio and Skyra, Siemens
Healthineers, Erlangen, Germany) and are organized in training and
test sets. In detail, 99 cases from the PROSTATEx dataset were used
as the training set in a 5-fold cross-validation fashion and the
remaining 105 patients as the test set. The latter includes patients
who have undergone biopsy for suspect of csPCa.

The training dataset was object of a case-by-case quality con-
trol paired with manual segmentation of the 1) whole-gland, 2) cen-
tral zone + anterior stroma + transition zone (TZ), and 3) peripheral
zone (PZ). These segmentations were performed by two radiology
residents (2 years of experience in genitourinary imaging, A.C. and
D.R.D.L.) and two radiologists with over 5 years of experience in
genitourinary imaging (R.C. and A.S.), organized in resident-
radiologist pairings operating in consensus using a dedicated software
(ITKSnap, v3.8).23 After manual segmentation, the masks under-
went an automated cluster removal with the FMRIB Software

Library (v5.0).24 All segmentations are freely available in an online
repository (https://rcuocolo.github.io/PROSTATEx_masks/).

Deep Learning
Due to variations in MRI acquisition protocols (i.e. field of view),
images had different matrices (ranging from 320 × 320 to 720 × 720)
while DL networks typically require same-sized inputs. MRI exams
were resampled to an isotropic voxel size (1 × 1 × 1 mm3) with a
matrix resolution of 512 × 512 using linear interpolation. Manually
segmented masks were used as the ground truth (whole-gland, TZ and
PZ) were resampled using nearest-neighbor interpolation. Data augmen-
tation was used to reduce overfitting: six transformations were applied
by randomly rotating, translating in both x and y directions, and applying
shearing, horizontal flip and zooming to the input training slices. Finally,
image normalization was performed using training data feature-wise
(pixel-wise) mean and standard deviation: image normalized = (image -
mean)/standard deviation.

The performances of U-net, where all 3 × 3 convolutions
were replaced by larger 5 × 5 convolution operators as reported in
previous studies, and two DL networks namely efficient neural net-
work (ENet), and efficient residual factorized ConvNet (ERFNet)
were compared for the prostate segmentation task.25–28

All methods were implemented using the open-source pro-
gramming language Python (https://www.python.org/) and a high-
end HPC system equipped with a GPU (NVIDIA QUADRO
P4000 with 8 GB of RAM, 1792 CUDA Cores). A learning rate of
0.0001 for E-Net model and 0.00001 for U-Net models with Adam
optimizer was used.29 A batch size of eight slices for all experiments,
and α = 0.3 and β = 0.7 for the loss function were used. During the
training process, each network was allowed to train for a maximum
of 100 epochs. The training loss was used as a stopping criterion.
When the training loss did not decrease for 10 epochs continuously,
training was stopped.

A k-fold (k = 5), cross-validation was used to train all networks.
Within the cross-validation process, slices from the same patient were
never included in both training and testing folds. The performance of
each DL model was calculated by averaging the results of all validation
folds. Finally, the performance metrics for the DL models were calcu-
lated on the test set, entirely constituted by previously unseen data.
This whole process was performed in parallel for the whole-gland and
TZ masks while the PZ masks were obtained by subtraction. Finally,
the Tversky loss function was used as loss function to make adjust-
ment of the weights of false positives and false negatives.30

Statistical Analysis
Continuous variables are presented as mean � standard deviation.
The mean positive predictive value (PPV), DSC, volume overlap
error (VOE), relative volume difference (VD), and average symmet-
ric surface distance (ASSD) were calculated. To test the significance of
differences between the three DL algorithms’ performance, an analysis
of variance (one-way ANOVA) with Tukey HSD, Scheffé, and
Bonferroni/Holm post hoc tests were used as multiple comparison
correction techniques on the DSC. A P-value ≤ 0.05 was considered
as statistically significant, adjusted for multiple comparisons, as appro-
priate. Finally, four variables (i.e. number of parameters, size on disk,
training times, and inference times) commonly used to describe the
computational complexity and performance of a DL network were
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calculated to evaluate the differences between the three models, using
both central processing unit (CPU) and graphics processing unit
(GPU) hardware.25,26

Results
In total, axial T2-weighted images of 204 patients were processed
obtaining three different zone segmentation masks. Supplemen-
tary Tables S1–S3 present all accuracy metrics for each network

for whole-gland, TZ, and PZ segmentation in the training set.
ENet had the highest DSC compared to both UNet and
ERFNet for all segmentations: 90% � 3% for the whole-gland
segmentation, 85% � 5% for the TZ, and 75 � 8% for the
PZ. Tables 1–3 present the accuracy metrics in the test dataset,
with ENet showing the highest DSC. Specifically, average DSC
was 91% � 4% for the whole prostate, 87% � 5% for the TZ,
and 71% � 8% for the PZ (Figs. 1 and 2).

TABLE 1. Performance Results on the Testing Set Using ENet, UNet, and ERFNet Methods for the Whole Prostate
Zone Segmentation

Sensitivity (%) PPV (%) DSC (%) VOE (%) VD (%) ASSD

ENet

Mean 92.28 89.67 90.63 16.93 3.95 1.21

�std 5.24 7.01 3.90 5.83 14.21 4.87

�CI (95%) 0.46 0.62 0.35 0.52 1.26 0.43

UNet

Mean 84.49 93.09 88.07 20.83 −8.84 1.06

�std 10.19 4.44 6.19 8.72 13.22 0.54

�CI (95%) 0.90 0.39 0.55 0.77 1.16 0.05

ERFNet

Mean 92.69 83.82 87.25 22.15 13.17 1.62

�std 8.12 10.05 6.06 8.61 23.07 2.11

�CI (95%) 0.72 0.89 0.54 0.76 2.04 0.19

TABLE 2. Performance Results on the Testing Set Using ENet, UNet, and ERFNet Methods for the Transition Zone
Segmentation

Sensitivity (%) PPV (%) DSC (%) VOE (%) VD (%) ASSD

ENet

Mean 88.57 86.33 86.92 22.77 4.11 1.58

�std 7.43 8.90 5.35 7.69 16.98 5.03

�CI (95%) 0.66 0.79 0.47 0.68 1.51 0.45

UNet

Mean 81.95 91.36 85.79 24.40 −9.57 1.25

�std 10.28 6.30 6.49 8.65 15.34 0.69

�CI (95%) 1.17 0.72 0.74 0.99 1.75 0.08

ERFNet

Mean 91.29 79.12 83.89 27.11 19.63 1.83

�std 6.91 12.27 7.44 10.02 29.42 1.59

�CI (95%) 0.69 1.22 0.74 1.00 2.93 0.16

3

Cuocolo et al.: Deep Learning Prostate MRI Segmentation



ANOVA showed a significant difference between net-
work DSC (P < 0.05). The post hoc analysis showed signifi-
cant differences in among all DL model pairings in both the
training and test sets (Tables 4 and 5; Supplementary
Tables S4 and S5).

Supplementary Table S6, through parameters describing
the computational complexity and performance of the three
models, shows that ENet is faster, more efficient in terms of
training time, and more compact than other models. Specifically,
E-Net has an order of magnitude lower than the parameters of

TABLE 3. Performance Results on the Testing Set Using ENet, UNet, and ERFNet Methods for the Peripheral Zone
Segmentation

Sensitivity (%) PPV (%) DSC (%) VOE (%) VD (%) ASSD

ENet

Mean 76.94 67.49 71.42 43.90 16.47 3.19

�std 8.21 10.15 7.75 9.24 21.54 3.20

� CI (95%) 0.76 0.94 0.72 0.85 1.99 0.30

UNet

Mean 73.81 67.23 69.91 45.63 11.91 2.96

�std 9.00 10.62 8.43 9.80 18.70 2.19

�CI (95%) 1.07 1.26 1.00 1.16 2.21 0.26

ERFNet

Mean 74.13 58.15 64.55 51.89 30.82 3.72

�std 9.39 9.56 7.57 8.34 26.83 2.74

�CI (95%) 1.01 1.03 0.82 0.90 2.89 0.30

FIGURE 1: Examples of correct segmentation for the deep learning networks for the whole gland (left column), transition (middle column)
and peripheral zone (right column). The manual segmentation (yellow), ENet (red), ERFNet (blue), and U-Net (green) are superimposed.
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U-Net. Consequently, the disk size required by the algorithm
ranges from about 6 MB (E-Net) to 65 MB (U-Net). The time
to train the models using the GPU device (NVIDIA QUADRO
P4000, 8 GB VRAM, 1792 CUDA Cores) ranges from
30,780 seconds (E-Net) to 123,420 seconds (U-Net). Using
the CPU device (Intel(R) Xeon(R) W-2125 CPU 4.00GHz
processor), 308,793 and 5,646,940 seconds for E-Net and
U-Net, respectively. Delineation time using the GPU was
around a second for all three models. However, because a sci-
entific GPU is not always available in desktop computers due
to the high cost, the delineation is usually performed on CPU.
In this case, E-Net took about 6 seconds while U-Net was
10 times slower.

In terms of convergence, Figures 3 and 4 show the pro-
files of DSC and Tversky loss function for the training and

test sets, respectively. ENet presents the faster convergence
compared to both ERFNet and UNet, reaching a DSC of
nearly 0.8 in less than 12 epochs in the training data and
18 epochs in the test one.

Discussion
In this study, the feasibility and efficacy of three DL models
for the segmentation of the prostate and its zones were
assessed accounting for accuracy of results, speed of training,
and hardware requirements. For all networks, the Tversky loss
function was used rather than the DSC that is routinely used
as a loss function in DL-based medical image segmentation
networks.30 It measures the overlap between predicted and
ground truth segmentation masks, calculating the harmonic

FIGURE 2: Examples of erroneous automated segmentation, possibly due to motion artifacts (a), previous surgery (b), and
complexity of the prostate apex region (c). The manual segmentation (yellow), ENet (red), ERFNet (blue), and U-Net (green) are
superimposed.

TABLE 4. ANOVA on the DSC Showed Statistical Differences Between Segmentation Methods in the Training Data

ANOVA F value F critic value P-value

ENet vs ERFNet vs UNet 25.50 3.028 <0.05

ENet vs ERFNet 53.450 3.891 <0.05

ERFNet vs UNet 13.601 3.891 <0.05

ENet vs UNet 11.089 3.891 <0.05

TABLE 5. ANOVA on the DSC Showed Statistical Differences Between Segmentation Methods in the Test Set

ANOVA F value F critic value P-value

ENet vs ERFNet vs UNet 50.763 3.002 <0.05

ENet vs ERFNet 107.456 3.851 <0.05

ERFNet vs UNet 7.161 3.851 <0.05

ENet vs UNet 53.705 3.851 <0.05
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mean of false positives and false negatives and weighting both
equally. Nevertheless, DL methods are affected by imbalanced
data, i.e. the number of voxels belonging to the target is small
compared to the background, as in this study. For this reason,
using DSC as loss function, networks may have difficulty in
learning a reliable feature representation of the foreground
class tending to predict most voxels as belonging to the back-
ground class. In this study, to deal with this issue and learn
more effectively, the Tversky loss function was used to pro-
vide a larger weight to foreground voxels.30

All networks were able to accurately segment the whole
gland and its zones when compared to manual segmentations.
Among tested models, the key differences were 1) the ENet
and UNet were more accurate than ERFNet; 2) the ENet
converged faster than both the ERFNet and UNet; and 3)
the ENet model had an order of magnitude fewer parameters
than UNet.

Using CPU hardware, ENet was much faster than UNet.
E-Net uses batch normalization layers with not-trainable
parameters and their gradients are not backpropagated during
training. Consequently, the reduced time and space required

by E-Net to calculate delineations makes it more compatible
with clinical workflows installed on regular desktop computers
or even mobile devices.

In terms of accuracy, results were in line with those
found in recent literature. Lee et al reported a DSC of 87%
for whole-gland segmentation and 77% for the TZ, while
Sanford obtained 93% and 89%, respectively.17,18 However,
these authors employed computationally expensive DL net-
works trained on cloud-based hardware, also requiring high-
speed Internet availability. Findings of the present study show
that smaller, easier to train and less computationally expensive
networks like ENet can achieve similar results to state-of-the-
art solutions. The present findings suggest that more efficient
networks should probably receive greater consideration in the
future as to lower the barrier of entrance and facilitate their
implementation in a wider range of clinical practice settings.
Also, the lower training loss of UNet compared to ENet and
ERFNet suggests the presence of overfitting, although the
number of UNet filters in each layer was reduced.

It is interesting to note that the performance of the
models was impaired in those patients previously treated for

FIGURE 3: Training DSC and Tversky loss plots for the deep learning networks for whole-gland prostate segmentation.

FIGURE 4: Training DSC and Tversky loss plots for the prostate transition zone segmentation.
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benign prostatic hyperplasia with transurethral resection of
the prostate (TURP). Indeed, TURP-related changes in the
transition zone (either partially or completely absent) care
observed at MRI.31 It can be hypothesized that the training
data did not contain enough of these cases to allow for correct
modeling of this situation. However, since TURP is still con-
sidered the surgical cornerstone for benign prostatic hyperpla-
sia treatment, performing mpMRI for csPCa in patients who
underwent TURP is not uncommon.32 Therefore, there are
some concerns on the applicability of automated segmenta-
tion models to these subjects, which should be considered
both in the present work as in future endeavors in this
research space. It deserves to be highlighted that TURP-
related changes also limit the usefulness of alternative
methods to estimate PV, such as the ellipsoid formula. The
ideal solution, given sufficient data, could be to develop com-
plementary models for the automated segmentation of
patients who have and have not undergone the procedure.

As for the possible clinical implications of this method-
ology, it can be hypothesized that the fully automated PV
calculation could facilitate radiologists in routine daily prac-
tice. Indeed, scientific evidence strongly support the adoption
of structured reporting for prostate MRI and suggest that the
final report should include clinically relevant quantitative data
such as PV and PSAd levels.33,34 Current guidelines recom-
mend estimating PV (and thus PSAd levels) using the maxi-
mum diameters measurements and the ellipsoid formula.11

While this method is fairly accurate in most scenarios and
takes radiologists a relatively small time to obtain PV, an
automated computation based on whole-gland segmentation
would be more efficient and could easily allow to implement
structured reporting systems that provide PV and PSAd even
before the entire scan is completed since it relies exclusively
on axial T2-weighted images. This appears particularly rele-
vant considering the high volumes of prostate MRI exams
currently performed and that are expected to significantly rise
in the near future, saving reporting radiologists precious
time.35 Moreover, since a PSAd cut-off for csPCa has been
defined, an automated system could also flag suspicious scans
to be evaluated with higher priority, further increasing the
reporting process efficiency.

The presented models also allow to estimate the TZ
and PZ volumes, with noteworthy possible implications for
future research endeavors in the field of prostate MRI. In
particular, some promising quantitative parameters such as
TZPSAd and PVI have been investigated and need to be
validated on larger datasets.5,9,10,36,37 Currently, however,
time-efficient methods to accurately estimate TZ volume are
lacking, limiting investigations on the topic. By implementing
automated tools, it could be possible to rapidly calculate
TZPSAd and PVI on multiple, large datasets to verify
the actual clinical relevance of such parameters. In this light,
this methodology could possibly contribute to further increase

the diagnostic value of prostate MRI. Similarly, the Prostate
Health Index is another PSA-derived biomarker whose
accuracy could be improved by normalization using the
PV. Further investigation of this parameter could also be
aided by an accurate, automated PV calculation.38,39

Limitations
The 3D segmentation was not adopted as this approach
requires larger datasets and is more memory demanding. 3D
DL networks have extremely prohibitive computational cost.
One tool to deal with this is issue is down-sampling. Even with
a good scientific GPU, a 128 × 128 × 128 input volume
would be the highest resolution feasible in a reasonable amount
of time. This lowers the amount of information available in
the images and further exacerbates the class imbalance prob-
lem, as well as introducing interpolation artifacts. Results also
show that a 2D network obtains comparable results to 3D
ones. Larger datasets have been used for prostate segmentation
in other studies; however, the choice to employ a public
dataset allows easier reproducibility of findings as well as a clear
benchmark for future studies in this research space.17,18 In the
same vein, all masks are freely available to use by other
researchers. To ensure a high quality of the ground truth anno-
tations, a consensus approach by multiple readers was
employed. Unfortunately, this did not allow for an assessment
of reader variability for the manual segmentation process.
Finally, the acquisition parameters were not entirely in line
with PI-RADS guidelines. This is a known issue and somewhat
limited by the use of 2D images as the in-plane resolution is of
diagnostic quality while the main issue was represented by slice
thickness (3.6 mm instead of 3 mm).40 The PROSTATEx
dataset was also collected at a high-volume prostate MRI center
and is representative of real-world exams.

Conclusion
In conclusion, this study demonstrated that faster and less
computationally expensive DL networks can perform accurate
prostate segmentation. These tools, if integrated in clinical
practice, could facilitate the adoption of novel biomarkers for
prostatic oncologic and nononcologic pathology.
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