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Abstract 

Prostate cancer (PC) is the most 

common cancer among men in 

Western countries. Fortunately, the 

evolution of PC is typically very slow 

so the most widely used approach is 

the imaging follow-up using the 

multi-parametric prostate magnetic 

resonance (mp-MRI) examination. 

The purpose of this work is to develop 

an automatic U-Net Neural Network 

(U-NN) to support radiologists in 

lesions segmentation and prostate 

zonal segmentation such as 

Peripheral Zone (PZ) and Central 

Gland (CG) on mp-MRI examination. 

Introduction 

Prostate cancer (PCa) is one of the 

most common malignant tumors in 

men worldwide [1]. Mp-MRI has 

adopted an increasingly significant 

role in the detection and localization 

of PC, as well as in guiding targeted 

biopsy [2].  Furthermore, using mp-

MRI to triage male patients may 

enable a quarter to half of them to 

avoid the need for biopsy (5.  In 

recent years, artificial intelligence 

(AI) methods, particularly deep 

learning, have achieved promising 

results in automated PCa diagnosis of 

mp-MRI [3]. Our study aimed to 

develop a U-NN model for the 

detection and localization of PCa 

using apparent diffusion (ADC) maps 

and T2-weighted imaging (T2WI). 

 Materials and Methods 

In this study, a U-NN was trained using 

two open-access datasets (“ProstateX” 

and “Prostate 158”) containing 104 and 

82 patients mp-MRI respectively for 

prostate lesion segmentation. Each mp-

MRI includes the following sequences: 

T2W and ADC. Discrete wavelet 

transform (DWI) was used as a method 

for T2W and ADC image fusion and the 

U-NN was trained using the fused image 

as well. (Figure 1). 

 
Fig.1: A sample of image fusion a) T2W, b) ADC, 

and C) Fused image of T2W and ADC 

Generally, three approaches have been 

followed for lesion segmentation: 

1) using whole MRI images; 2) using a 

combined lesion mask and prostate 

zonal mask, to identify in which zones 

of prostate the lesions are; 3) using 

cropped images that contain the 

prostate area (Figure 2). 

 
Fig.2: The process of cropping prostate area 

Results 

After image pre-processing, the U-NN  

Was trained for nodule segmentation 

 using: a) T2W images, b) ADC images, and  
 

and c) fused images. Table 1 summarizes the  

results for nodule segmentation using primary 

images. Figure 3 shows the results of nodules 

segmentation on a sample of mp-MRI. 
 

Table 1: Results of nodule segmentation on primary images 

 

 
Fig. 3: Sample of nodule segmentation using primary mp_MRI 

After combining all zonal masks with nodule  

masks, the U-NN was trained for 3-class (PZ, 

CG, and nodule) segmentation.  

Table2 demonstrates the obtained results of 

nodule segmentation using combined nodules 

and zonal masks. 
Table 2. Results of nodule segmentation using combined masks 

Image 

Types 

IoU of 

CZ 

IoU of 

PZ 

IoU of 

Nodule 

DSC 

of CZ 

DSC 

of PZ 

DSC 

of 

Nodule 

T2W 0.7868 0.9014 0.8230 0.8807 0.9481 0.9029 

ADC 0.7425 0.9083 0.8157 0.8522 0.9520 0.8985 

Fused 0.6990 0.8777 0.8009 0.8229 0.9348 0.8894 

 
           Fig.4: Samples of combined nodules and zonal segmentation  

The cropped prostate area was applied for a 

combined mask too. Table 3 demonstrates 

the obtained results of nodule segmentation 

using cropped combined Images. 
 

Table 3. Results of nodule segmentation using cropped masks 
Image 

Types 

IoU of 

CZ 

IoU of 

PZ 

IoU of 

Nodule 

DSC 

of CZ 

DSC 

of PZ 

DSC of 

Nodule 

T2W 0.8691 0.9425 0.8477 0.9300 0.9704 0.9175 

ADC 0.8004 0.9035 0.8207 0.8891 0.9493 0.9015 

Fused 0.7746 0.8983 0.8286 0.8730 0.9464 0.9062 

 
Fig.5: Samples of cropped combined nodules and zonal segmentation 
 

Conclusion 

In this study, we developed an automatic U-

NN model to assist the radiologist in lesions 

and zonal segmentation. The neural network 

achieved promising IoU and DSC when we 

combined both lesion masks and prostate 

zonal masks. This automated approach 

could support the radiologist’s workload 

during the PC imaging follow-up. 
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