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Abstract
Neural Network with image and data processing techniques was 
employed to implement an automated Prostate Histopathology 
tumor classification. The conventional method for Prostate 
Histopathology images classification and tumors detection is 
by human inspection. Operator-assisted classification methods 
are impractical for large amounts of data and are also non-
reproducible. Medical Resonance images contain a noise caused 
by operator performance which can lead to serious inaccuracies 
classification. The use of neural networks shown great potential 
in this field. Using the optimal texture features extracted from 
normal and tumor regions of Prostate Histopathology by using 
statistical features, BPN and RBF classifiers are used to classify 
and segment the tumor portion in abnormal images. Both the 
testing and training phase gives the percentage of accuracy on 
each parameter in neural networks, which gives the idea to choose 
the best one to be used in further works. The performance of the 
NN classifier was evaluated in terms of training performance and 
classification accuracies. Neural Network gives fast and accurate 
classification than other neural networks and it is a promising tool 
for classification of the tumors.
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I. Introduction
Prostate cancer is a form of cancer that develops in the prostate, a 
gland in the male reproductive system. Most prostate cancers are 
slow growing; [1] however, there are cases of aggressive prostate 
cancers [2]. The cancer cells may metastasize (spread) from the 
prostate to other parts of the body, particularly the bones and lymph 
nodes. Prostate cancer may cause pain, difficulty in urinating, 
problems during sexual intercourse, erectile dysfunction, or death. 
Other symptoms can potentially develop during later stages of 
the disease. Image processing is one of most growing research 
area these days and now it is very much integrated with the 
medical and biotechnology field. Image Processing can be used 
to analyze different medical and Prostate Histopathology Image 
to get the abnormality in the image. However, in many cases is 
not achieved a threshold that provides a good segmentation of 
the entire image. For such situations are applied techniques of 
variables and multilevel threshold based on analytical studies, 
using the parameters of statistical distribution of gray levels, 
or graphics, using the histogram display the gray level image. 
The post prostatectomy pathologic assessment of the respected 
specimen by the pathologist yields crucial prognostic information 
that predicts surgical success and guides recommendations for 
adjuvant therapy [2]. Each tumor is assessed for its location 
within the prostate, volume, degree of differentiation (using the 
Gleason grading system [3]), extension into the seminal vesicles 
[termed as seminal vesicle invasion (SVI)] or beyond the prostate 
[termed as extra-prostatic extension (EPE)], and existence at the 
surgical resection margin [termed as a Positive Surgical Margin 
(PSM)]. The prognosis of a patient is known to be related to 

the volumes and Gleason grades of the tumors observed in the 
respected specimen, as well as on SVI, EPE, and PSM status [2]. 
Adjuvant therapies such as radiation or hormone therapy may 
be considered for individuals with adverse pathology features. 
In detecting the brain tumor type of each patient, doctor usually 
refer Prostate Histopathology Image and make the report about 
the Prostate Histopathology Image analysis of the patient. This 
method will help doctor in diagnosing brain tumor patients. With 
the existence of proposed system, doctor can train the system 
with some known data and then, use this system to generate the 
Prostate Histopathology Image report of the patient after testing 
the data. The Flow chart of the proposed method is shown in figure 
1. In any classification system Dimensionality Reduction and 
Feature Extraction are very important aspects [7]. Images though 
small in size are having large dimensionality this leads to very 
large computational time, complexity and memory occupation. 
The performance of any classifier mainly depends on high 
discriminatory features of the images [8]. In the proposed method 
we used Discrete Wavelet Transform for both dimensionality 
reduction and feature extraction. 

Fig. 1: Block Diagram

The rest of this paper is organized as follows: Section 1 Segment 
on Tissue of Cancer part in Prostate Histopathology Image.
Section II Discrete Wavelet Transform for Prostate Histopathology 
Image. Section III describes the PNN classifier. Section IV shows 
experimental results, and discusses possible

II. Segment on Tissue of Cancer part in Prostate 
Histopathology Image 
A histogram is one of the basic quality tools. It is used to graphically 
summarize and display the distribution and variation of a process 
data set. A frequency distribution shows how often each different 
value in a set of data occurs. The main purpose of a histogram 
is to clarify the presentation of data. You can present the same 
information in a table; however, the graphic presentation format 
usually makes it easier to see relationships. It is a useful tool for 
breaking out process data into regions or bins for determining 
frequencies of certain events or categories of data. These charts 
can help show the most frequent. A histogram is a specialized type 
of bar chart. Individual data points are grouped together in classes, 
so that you can get an idea of how frequently data in each class 
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occur in the data set. High bars indicate more points in a class, and 
low bars indicate less point. Threshold is an important technique 
for image segmentation that tries to identify and extract a target 
from its background on the basis of the distribution of gray levels 
or texture in image objects. Most threshold techniques are based 
on the statistics of the one-dimensional (1D) histogram of gray 
levels and on the two-dimensional (2D) co-occurrence matrix of 
an image. Many 1D threshold methods have been investigated. 
Locating the thresholds can be proceeding in parametric or 
nonparametric approaches.

Fig. 2(a): Segmentation Process (Cancer Detection)

Fig. 2(b): Enhancement Process

In parametric approaches, the gray level distribution of an object 
class leads to finding the threshold the pixels of an image are first 
classified as either edge non-edge pixels. According to their local 
neighborhoods, edge pixels are then classified as being relatively 
dark or relatively bright. Next, one histogram is obtained for those 
edge pixels which are dark and another for those edge pixels which 
are bright. The highest peaks of these two histograms are chosen 
as the thresholds. Moment preserving threshold is a parametric 
method which segments the image based on the condition that 
the threshold image has the same moments as the original image. 
In nonparametric approaches, the thresholds are obtained in an 
optimal manner according to some criteria. The purpose is to 
extract a few representing colors that can be used to differentiate 
neighboring regions in the image. Typically, 10-20 colors are 
needed in the images of natural scenes. A good color quantization 
is important to the segmentation process. A perceptual color 
quantization algorithm [5] is used in our implementation .After 
quantization; the quantized colors are assigned labels. A color 
class is the set of image pixels quantized to the same color. The 
image pixel colors are replaced by their corresponding color class 
labels. The new constructed image of labels is called a class-map. 
Examples of class- map are shown in Fig. 2, where label values 

are represented by three symbols, ‘*’, ‘+’, and ‘o’. The necessary 
color information for segmentation is extracted and stored in a 
simple class-map after color quantization. Usually, each image 
region contains pixels from a small subset of the color classes and 
each class is distributed in a few image regions.

III. Wavelet Transforms Analysis
Basically we use Wavelet Transform (WT) to analyze non-
stationary signals, i.e., signals whose frequency response varies 
in time, as Fourier Transform (FT) is not suitable for such signals 
.To overcome the limitation of FT, Short Time Fourier Transform 
(STFT) was proposed. There is only a minor difference between 
STFT and FT. In STFT, the signal is divided into small segments, 
where these segments (portions) of the signal can be assumed to 
be stationary. For this purpose, a window function “w” is chosen. 
The width of this window in time must be equal to the segment 
of the signal where it is still be considered stationary. By STFT, 
one can get time-frequency response of a signal simultaneously, 
which can’t be obtained by FT. The short time Fourier transform 
for a real continuous signal is defined as:

Where the length of the window is (t-τ) in time such that we can 
shift the window by changing value of t and by varying the value 
τ we get different frequency response of the signal segments. 

A. 2-D Wavelet Transforms
The 1-D DWT can be extended to 2-D transform using separable 
wavelet filters. With separable filters, applying a 1-D transform to 
all the rows of the input and then repeating on all of the columns 
can compute the 2-D transform. When one-level 2-D DWT is 
applied to an image, four transform coefficient sets are created. As 
depicted in Figure 3.2(c), the four sets are LL, HL, LH, and HH, 
where the first letter corresponds to applying either a low pass or 
high pass filter to the rows, and the second letter refers to the filter 
applied to the columns.  The Two-Dimensional DWT (2D-DWT) 
converts images from spatial domain to frequency domain. At 
each level of the wavelet decomposition, each column of an image 
is first transformed using a 1D vertical analysis filter-bank. The 
same filter-bank is then applied horizontally to each row of the 
filtered and sub sampled data. One-level of wavelet decomposition 
produces four filtered and sub sampled images, referred to as sub 
bands. The upper and lower areas of Fig., respectively, represent 
the low pass and high pass coefficients after vertical 1D-DWT 
and sub sampling. The result of the horizontal 1D-DWT and sub 
sampling to form a 2D-DWT output image is shown in Fig.

Fig. 3: Block Diagram of DWT (a) Original Image (b) Output 
image after the 1-D applied on Row input (c) Output image after 
the second 1-D applied on row input

We can use multiple levels of wavelet transforms to concentrate 
data energy in the lowest sampled bands. Specifically, the LL sub 
band in fig 2.1(c) can be transformed again to form LL2, HL2, LH2, 
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and HH2 sub bands, producing a two-level wavelet transform. An 
(R-1) level wavelet decomposition is associated with R resolution 
levels numbered from 0 to (R-1), with 0 and (R-1) corresponding to 
the coarsest and finest resolutions. At first the co-occurrence matrix 
is constructed, based on the orientation and distance between image 
pixels. Then meaningful statistics are extracted from the matrix 
as the texture representation. Haralick proposed the following 
texture features: Energy, Contrast, Correlation, Homogeneity, For 
example; with an 8 grey-level image representation and a vector 
t that considers only one neighbor, we would find; 

1. Entropy
Hence, for each Heraldic texture feature, we obtain a co-occurrence 
matrix. These co-occurrence matrices represent the spatial 
distribution and the dependence of the grey levels within a local 
area. Each (i,j) th entry in the matrices, represents the probability 
of going from one pixel with a grey level of ‘i’ to another with 
a grey level of ‘j’ under a predefined distance and angle. From 
these matrices, sets of statistical measures are computed, called 
feature vectors.

Fig. 4: Performance Analysis in Feature Values

2. Energy
It is a gray-scale image texture measure of  homogeneity changing, 
reflecting the distribution of image gray-scale uniformity of weight 
and texture.

3. Contrast
Contrast is the main diagonal near the moment of inertia, which 
measure the value of the matrix is distributed and images of local 
changes in number, reflecting the image clarity and texture of 
shadow depth. 

4. Entropy
It measures image texture randomness, when the space co-
occurrence matrix for all values is equal, it achieved the minimum 

value.

5. Correlation Coefficient
Measures the joint probability occurrence of the specified pixel 
pairs.

6. Homogeneity
Measures the closeness of the distribution of elements in the 
GLCM to the GLCM diagonal.

IV. Neural Networks
The proposed new method was applied on Prostate Histopathology 
Image database containing 4 classes and each class having 4 
images of size 256 x 256 with different background conditions. For 
simulations and proposed method evaluation Mat lab is used on 
a PC Prostate Histopathology Image database and its normalized 
version is shown in figure 5. Before doing simulation size of the 
brain tumor images are reduced to 4 x 4. These reduced size images 
are used as inputs to the Discrete Wavelet Transform and it gives 
5 features per image as output. For this database the graph drawn 
between Images size vs. recognition rate

Fig. 5: Prostatic Intraepithelial Neoplasia Type Cancers

Fig. 6: Atrophy Type Cancers

Fig. 7: Benign Prostatic Hyperplasia Type Cancers
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Fig. 8: Gleason Type Cancers

V. Conclusion
In this paper, a new method for Prostate Histopathology Image 
Classification is presented. This new method is a combination 
of Discrete Wavelet Transform and Neural Network. By using 
these algorithms an efficient Prostate Histopathology Image 
Classification method was constructed with maximum recognition 
rate of 100%. Simulation results using Prostate Histopathology 
Image database demonstrated the ability of the proposed method 
for optimal feature extraction and efficient Prostate Histopathology 
Image classification. The ability of our proposed Prostate 
Histopathology Image Classification method is demonstrated on 
the basis of obtained results on Prostate Histopathology Image 
database. For generalization, the proposed method should achieve 
100% Recognition rate on other Prostate Histopathology Image 
image databases and also on other combinations of training and 
test sampies. In the proposed method only 5 classes of Prostate 
Histopathology Image are considered, but this method can be 
extended to more classes of Prostate Histopathology Image.
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