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Abstract— Multiparametric (mp) magnetic resonance
imaging (MRI) represents a robust tool for detecting prostate
cancers (PCa). However, its interpretation requires skilled and
specialized staff, and large investments of resources and time.
To deal with this problem different artificial intelligence
algorithms, based on Machine Learning (ML) and Deep
Learning (DL), have been proposed and have been
demonstrated useful to detect and characterize PCa. In this
paper, we present a fully automated computer-aided diagnosis
(CAD) system that utilizes either ML or DL techniques to
segment PCa and we compared the results in terms of number
of False Negative (FN) and False Positives (FPs) findings and
accuracy of the segmentation masks. We present a DL model
with two different input configurations: 2-channel and 3channel. According to our results, DL techniques greatly
decrease the volume of FPs and the number of FN compared to
ML techniques, especially using the 3-channel model. Indeed, on
the validation set, the number of FNs obtained by the DL model
is lower than that by ML (respectively 7 and 11), while the
median volume of FPs voxels decreased from 1077 IQR=3623787 to 518 IQR=170-1049. The results obtained from this
system could have a fairly obvious improvement by increasing
the validation set, however preliminary results are encouraging
and could be a strong contribution for personalized medicine.
Keywords—Machine Learning, Deep Learning, medical
imaging, automatic segmentation, MRI imaging.

I. INTRODUCTION
Prostate Cancer (PCa) accounts for approximately 26% of
all cancers diagnosed in men worldwide and is the second
most common cause of cancer death in men [1]. Early
detection of clinically significant PCa and their
characterization is crucial to ensure the best personalized
treatment.
The latest European and American urological guidelines
[2][3]on prostate cancer recommend the use of Magnetic
Resonance Imaging (MRI) before prostate biopsy, since it has
been demonstrated that it is able to detect a higher number of
aggressive cancers while reducing unnecessary biopsy rates
and overdiagnosis [4]. Therefore, the use of this imaging
modality has grown incredibly in the last few years, and
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although it is a non-invasive exam, it nevertheless has some
limitations. In fact, its interpretation requires strong expertise,
and it suffers from a strong inter-reader variability, e.g., nonexpert readers can miss up to 30% of tumors [5]. To overcome
this problem, computer-aided diagnosis (CAD) systems based
on Artificial Intelligence (AI) have been proposed to support
radiologists, by automatically detecting PCa on MRI
[6][7][8][9][10][11][12][13], and consequently improving
detection rate, and decreasing reading time and inter-reader
variability [14].
These CAD systems have been developed using either
Machine Learning (ML) or Deep Learning (DL) techniques.
ML and DL have substantial differences: the first uses
traditional algorithms to analyze previously extracted
features, learn from them and make decisions based on their
values, while DL is constructed in such a way as to generate
an artificial neural network, that can directly learn from
data/images and make decisions autonomously. ML
techniques have been integrated into CAD systems to detect
areas of high malignancy probability as in the case of the fully
automated CAD developed by Giannini et.al [6]. DL
techniques have been used into CAD systems by exploiting
the power of Convolutional Networks (CNN) for prostate
cancer detection in multi-parametric (mp)-MRI [7]. Both
techniques have been demonstrated useful in detecting PCa
with a sensitivity ranging from 80% to 86%.
Although recent studies have shown that DL methods have
brought significant improvements in the segmentation of
medical images, in particular using a CNN architecture called
U-Net [15], however, to the best of our knowledge, there are
no studies on PCa segmentation comparing the performance
of DL and ML approaches on the same subset of patients.
In this paper, we propose a new fully automated computeraided diagnosis (CAD) system, based on different DL
techniques and we compared its results with those obtained by
a ML approach.
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In this study, we have replaced the ML algorithm with
different DL configurations (box in Figure 1), to assess the
differences among these techniques in the same conditions.
C.
Segmentation Model
The traditional U-Net is a convolutional neural network
architecture that is characterized by two different paths: the
descent one (encoder) and the ascent one (decoder). In this
structure the feature maps learned in the contraction phase
(encoder) are then used in the expansion phase (decoder) to
obtain a new output image that has the same size as the input
image. Each pixel of the output image is characterized by a
value, and this represents the probability of belonging to a
certain class. In this work, we decided to replace the
encoder/down sampling section of the U-Net (the left half of
the U) with a convolutional network called ResNet [18]. In
particular, we used a ResNet-50, that is 50 layers deep (48
Convolution layers along with 1 MaxPool and 1 Average Pool
layer). ResnNet differs from the other CNNs for the presence
of the skip connections that link the original input to the output
of each convolutional block. This strategy has been
demonstrated more accurate in segmentation tasks [18].

Figure 1: CAD system pipeline

II. MATERIALS AND METHODS
A. Patients and reference standard
The dataset was composed of 100 patients (114 PCas)
retrospectively collected from Candiolo Cancer Institute,
FPO-IRCCS. All patients had a biopsy-proven PCas and
underwent a mp-MRI examination, including at least the axial
T2 weighted (T2w), the Diffusion Weighted (DW), and the
Dynamic Contrast Enhanced (DCE) sequences. The
sequences were acquired by two different 1.5T GE scanners:
Signa Excite HD, and Optima MR450w, using, respectively,
a 4-channel and a 32-channel phased-array coil combined with
an endorectal coil (Medrad, Indianola, PA, USA). All
sequences were collected according to the scanning European
Society of Urogenital Radiology (ESUR) guidelines for
prostate imaging [16].
All tumors were manually segmented by an experienced
radiologist with more than 10 years of experience in mp-MRI
of prostate (700 studies per year). These manual masks were
used as reference standard.
This was a retrospective study approved by the
institutional review boards (IRBs), with a waiver for
requirement of informed consent as complete de-identified
data were used.
B.
CAD system architecture
We started from a previously developed and validated
CAD system based on mp-MRI [6], [17]. This CAD system is
composed of different steps, including: a) a ML algorithm that
produces a likelihood of malignancy map for all voxels within
the prostate, and b) a candidate segmentation step able to
segment tumors, providing a binary mask (Figure 1). The
input images of the ML algorithm are: T2w image, DCE
sequences and the Apparent Diffusion Coefficient (ADC)
map. The latter is routinely computed from the DWI
sequences according to the mono-exponential equation:


ADC = − ln

,



where S0 is the DWI acquisition with b-value equal to 0,
while Sb is the one corresponding to the highest b-value.

After preliminary analyses, we decided to not use the
weights obtained from the pre-training on ImageNet, and to
train them from scratch using the Batch Normalization
technique, which allows the use of higher learning rates to
accelerate considerably the learning process. This technique is
used to normalize the activations in the network through the
mini-batch. For each feature, it calculates the mean and
variance in the mini-batch, then subtracts the mean and
divides by its mini-batch standard deviation. This limits
activations to having mean 0 and standard deviation unity.
Batch Normalization adds two additional parameters: the
mean and the size of the activations. The batch normalization
rewrites the normalized activations and adds a constant. This
means that the expressiveness of the network does not change.
We proposed two different architectures, the first
architecture provides a network with a 2-channel input while
the second provides a 3-channel input. For the 2-channel
architecture, the two input were the T2w and ADC images
(t2_adc), while for the 3-channel network, either the T2w or
ADC images were used twice according to the following
configurations: t2_adc_t2 and t2_adc_adc.
All models have been trained with the Adam optimizer
[19] and a learning rate of 0.001, β1 of 0.9 and β2 of 0.999.
Data Augmentation was used during the training, to reduce the
overfitting of the model. Among the different data
modification techniques, we decided to use the one called
"Flipping", in which vertical or horizontal rotations are
applied.
D.
Loss Function
The loss function is used to optimize the parameter values
in a neural network model. Loss functions map a set of
parameter values for the network into a scalar value that
indicates how well those parameters accomplish the task that
the network is intended to do. In this study the loss function
used to train the different models is a combination of two
functions: Dice similarity coefficient-based loss function and
the Binary Focal loss function.
𝐿𝑜𝑠𝑠 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 = 𝐷𝑖𝑐𝑒 𝐿𝑜𝑠𝑠 + 𝐵𝑖𝑛𝑎𝑟𝑦 𝐹𝑜𝑐𝑎𝑙 𝐿𝑜𝑠𝑠 (2)
Where Dice Loss and Focal Loss are the following:
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𝐷𝑖𝑐𝑒𝐿𝑜𝑠𝑠 = 1 − 𝐷𝑖𝑐𝑒 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡

(3)

𝐹𝑜𝑐𝑎𝑙 𝐿𝑜𝑠𝑠 (𝑝 ) = −𝛼 (1 − 𝑝 ) log (𝑝 )

(4)

In particular, the Dice Loss is usually used for
segmentation problems [20]. Indeed, regardless of the
imbalance of two classes, it examines two segmentations and
evaluates their overlap. Focal Loss function [21] is an
improvement of the basic cross-entropy function -log( 𝑝 )
where 𝑝 is the probability score of the model for the class 𝑡.
Focal Loss is particularly useful in case of class imbalance,
adding a factor to help the model to deal with classification
errors, assigning higher weight to more difficult or
misclassified examples.
E.
Statistical analysis
For this study, the following metrics were computed:
 Dice Similarity Coefficient (DSC):
𝐷𝑆𝐶 =

|
|

∩

|

| |

|

=

,

(5)

 Precision (Pr):
𝑃𝑟 =

,

(6)

,

(7)

 Recall (Re):
𝑅𝑒 =

where MM is the manual mask, OM is the obtained mask,
TP is True Positive, FP is False Positive and FN is False
Negative.
DSC is correlated with the Overlap Index, since it relates
the common elements between two groups to the total number
of elements. Pr is the portion of elements indicated as positive
by the model that are truly positive. It gives a measure related
to the oversegmentation. Re is the portion of the truly positive
elements that have been correctly identified by the model. It
gives a measure related to the undersegmentation.
DSC between the predicted mask and the reference one
was used to compare the results of each DL architecture and
ML algorithm to the manual masks, while Pr and Re were used
during the training phase of the model to assess its
performance.
The total number of FN tumors is also reported. A tumor
was considered FN if the DSC between manual and automatic
mask was < 20%.
F.
Pre-processing Pipeline
All pre-processing steps of the whole CAD system based
on ML approach were previously described [6], therefore in
this section we will report the pre-processing steps related to
the DL approach.
First, for each slice a crop on the central region of the
original image was applied to facilitate the network training
and reduce the computational cost. In particular, in the model
T2_adc the input images were cropped from 512x512 pixels
to 256x256 pixels, while in the two models with a 3-channel
input, T2_adc_t2 and T2_adc_adc, the images were cropped
to 224x224 pixels. Then, a pixel normalization technique was
applied, by dividing each slice of each patient by 255 to obtain
a value between 0 and 1.

Figure 2: Dice Similarity Coefficient (DSC) computed on true
positive tumors for each method.

Finally, for models with a 3-channel input, all voxels not
belonging to the automatically segmented prostate on the T2w
image [22] were set to 0.
G.
Dataset partition and tools
In order to be able to train the different models, the dataset
must be divided in training and validation sets. Since each
patient could have more than one tumor, the splitting
procedure is based on patients in order to be sure that patients
included in the training will not be included in the validation
set. Based on these considerations, the partitioning of the
dataset results in: 70% of patients are dedicated to training (70
patients, 78 PCas) and the remaining 30% for validation (30
patients, 36 PCas).
Since each mp-MRI volume is composed of different
slices covering the whole pelvis, for the training process we
used only tumoral slices, i.e., those containing the segmented
manual mask. Therefore, in terms of the 2D images used, the
following division was obtained: 295 slices for training and
142 for validation.
For the experiments, we used the GPU to enable higher
performance results for the DL algorithms. Several opensource libraries and APIs have been used in our work, such as:
- Tensorflow(v2.0.0):is an end-to-end open source
platform for machine learning. Developed by Google, it
provides Python and C+* interfaces.
- Keras(v2.2.4): is a high-level neural network API
developed in Python.
The entire project was developed using the programming
language Python (v3.7).
III. RESULTS
DSC values and their IQRs obtained on the validation set
by each method on TP tumors are shown in Figure 2. DLs
methods reach slightly higher accuracy than ML, in particular
the two-channel and the t2_adc_t2 3-channel configurations
(62% and 58%, respectively, vs 52% of the ML).
The use of 3-channel DL methods strongly reduced the
number of FNs on the validation set. In fact, ML missed 11/36
PCa, T2_adc missed 12/36 PCa, while T2_adc_t2 and
T2_adc_adc showed 8/36 and 7/36 FNs, respectively. 7 PCas
were missed by all methods: 2 were the smallest tumor in
patients with two tumors, and 5 belonged to patients with only
one tumor. One of them was a tumor that were missed due to
the undersegmentation of the prostate, 3 of them were tumors
in the apex in which the ADC image was strongly deformed.
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Figure 3: Total Number of FP voxels for each patient related to different models.

On a per-patient analysis, i.e., considering a patient as TP if
the CAD detect at least one lesion, there were 9/30 FN in ML,
10/30 in the 2-channel, 6/30 in the t2_adc_t2 and 5/30 in the
t2_adc_adc.
The median number of FP volumes per patient on the
validation set are the following: 2 [Interquartile range
(IQR)=1-4] for ML, 2 [IQR=1-4] for T2_adc_t2, 4 [IQR=3-6]
for T2_adc_adc and 5 [IQR=3-9] for T2_adc. However, the
median number of FPs voxels per patient was considerably
low for the 3-channel T2_adc_t2. i.e., 518 [IQR=170-1049] vs
1077 [IQR=362-3787] for ML, 1778 [IQR=761-3108] for
T2_adc, 1640 [IQR=814-2715] for T2_adc_adc. Figure 3
shows the total number of FP voxels for each patient in each
model, and it is evident that ML has an higher number of
patients with an higher total number of FP voxels, while there
are more patients with a lower total number of FP voxels in
T2_adc_t2.
Figure 4 shows an example of PCa segmentation obtained
by the three models.
IV. DISCUSSION
In this study, an automatic algorithm based on U-Net
Resnet50 encoder to segment prostate cancer on MRI was
implemented and compared with a traditional ML approach.
Results were promising, especially when using the 3-channel
model. Indeed, T2_adc_t2 and T2_adc_adc, were able to
reduce the number of FN and increasing the overlap with the
reference standard.
According to the results obtained, in terms of FN the pretrained network on 2-channels, T2_adc does not improve the
performance, comparing them with the data obtained from

ML [6], in fact the ML obtained 11 FN while the T2_adc
model 12 FN. While an improvement in terms of FN is evident
using the 3-channel models, T2_adc_t2 and T2_adc_adc, that
dropped the number of FNs to 8 and 7, respectively.
Therefore, these results showed that the innovative idea of
replicating either T2w or ADC on the third channel is
promising. In particular, although in terms of reducing the
number of FPs there is no great advantage in using DL, there
is a clear improvement in reducing the volume of FPs,
especially using the 3-channel model T2_adc_t2, where, the
total volume of FPs strongly decreased, as can be seen from
the figure (Figure 3).
From all the above-mentioned results, it can be deduced
that the use of DL strongly improves the segmentation of PCa
on mp-MRI, especially using the model with 3 inputs.
Moreover, in our settings the DL networks were able to obtain
comparable or even better results by using only two MRI
sequences. Therefore, unlike the ML method, we do not need
to use the DCE, which is a time-consuming and invasive
technique, since it requires the administration of contrast
agents.
Our study has also some limitations. First, it would be
necessary to train the models on a larger number of patients to
improve the segmentations, especially with U-Net. Second,
other deep learning techniques, i.e., CNN, and architectures
should be developed and compared to results obtained with
ML algorithms. However, the CAD was previously developed
and validated [6][14][5] , and during its implementation
different ML classifiers were evaluated and the best
performing one was chosen, i.e., SVM. Finally, our results
should be validated on an external validation set, thus

Figure 4: Reference (T2) and segmentation masks of a PCa obtained by all methods.
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potentially improving the generalization capability of the
models.
In conclusion, this work could be a strong contribution to
personalized medicine by providing clinical support in the
segmentation of PCas.
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