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ABSTRACT 

 

Prostate cancer is one of the most common and dreadful type of cancer in men. The diagnosis of prostate 

cancer is difficult because of unclear symptoms and requires multiple procedures. A prostate tissue biopsy 

is used to detect the presence of cancer in the tissue. Pathologists assign a Gleason grade to the tissue, 

which determines the severity of the cancer. In a traditional examination, pathologists have to look at the 

tissue biopsy under microscope. Recently, with the development in digital pathology field, slides of glass 

tissues can be digitized for tissue images generation which is known as histological images (HI).These 

images are mostly used as a tool for diagnosis and classification of prostate cancer. Histological grading 

of these images is used to determine the level of malignancy or aggressiveness of cancerous tissues. 

Determining accurate grading is very important, because the pathologists use this information to help 

guide the treatment options for patients. Pathologists perform the grading manually so their experience 

directly influences the accuracy of grading. Therefore, for cancerous tissues grading an automatic 

technique will be required.  

This research paper deals with design and development of Computer aided diagnosis (CAD) system for 

automatic grading of histological images of prostate cancer tissue. Our CAD system is based on 2D-

Discrete Wavelet Packet Decomposition and Support Vector Machines (SVM). The algorithm is 

successfully applied to the classification of histological images of prostate cancer obtained from 

WebPathology, which provides high quality of histological images. We have obtained a classification 

accuracy of 92.24%. 

KEYWORDS: Histological images, Gleason grading pattern, discrete wavelet packet decomposition, 

texture features 

 

1. INTRODUCTION 

 

Prostate cancer is the most common and dreadful type of cancer in men.  Since there are no clear 

symptoms of prostate cancer so its diagnosis is difficult, and requires multiple procedures to detect the 

presence of disease. One of the most important step in detection of cancer in the tissue is the examination 

of the prostate tissue biopsy. If cancer is present in the tissue then second step is finding its Gleason grade 

which determines the severity of the cancer.  In a traditional examination of cancer detection, pathologists 

have to look at the tissue biopsy under microscope. Now With the development in digital pathology field, 

slides of glass tissues can be digitized for tissue images generation which is known as histological images 

(HI). The key for controlling cancer is its early detection because cause of cancer still remains unknown; 

consequently early diagnosis can increase the treatment success rate. HI is a widely used tool for 

diagnosis and classification of prostate cancer. 

Histological grading of these images is used to determine level of malignancy of cancerous tissues. 

Thus determining accurate grade of tissue is very important, because the pathologists use grade 

information for treatment options. Pathologists perform the grading process manually and their 

experience directly influences the accuracy of grading. Grading made by humans is not only time 

consuming and difficult but also subjective to observes; different grade may be assigned to same tumour 

by same pathologist when assessment is repeated [1].  Therefore automatic grading system is needed that 

can grade a sample tissue image automatically which will be beneficial for prostate cancer tissue images 

detection and classification. 
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Due to recent development in digital pathology, Digital image can be generated from glass tissue 

slides of biopsy samples. These images are called histological images and are used for analysis. The 

pathologist can determine the grade by viewing these histological images. Histological grade represents 

the aggressiveness level of cancer. Therefore assigning grade to these histological images is very 

important because this grade information is used in cancer prognosis and treatment planning. In digital 

pathology Researchers have been awared with the importance of quantitative assessment of histological 

images. This assessment can be utilized to support the decision of the pathologist about the existence of 

the cancer. Automatic grading of histological image of prostate cancer tissue can be divided into two 

main categories, namely cancer detection and classification i.e. assigning grade to these images [2]. 

However, most of the studies in the literature address the classification problem of histological images. In 

this problem, the aim is to classify a given sample of histological image of prostate cancer into one of the 

two classes, i.e. cancerous tissue and normal tissue, or into one of the multiple classes: normal, grade 3, 4 

and 5 [3, 4]. The published studies in the literature have either used a segmentation-based approach i.e. 

Gland segmentation followed by gland feature extraction or used a segmentation-free approach, i.e. 

directly extracting texture features from the image itself. The motivation behind this research is to show a 

complete review of the modern CAD techniques used for automatic classification of histological images. 

The rest of the paper is organized as follows: Section 2 gives an overview of the literature. Section 3 

discusses image decomposition using discrete wavelet transform and discrete wavelet packet 

decomposition. Section 4 presents extraction of features for classification. Section 5 presents 

experimental results and finally a Section 6 presents summary and discussion. 

 

2. LITERATURE REVIEW 

 

Pathology is the study of cells and tissues of living organisms under microscope for disease 

detection. For cancer detection biopsy samples which are tissues taken from a human body are processed 

and its sections are placed onto a glass slider to observe them under microscope [5]. The microscopic 

analysis is used to identify morphological characteristics of tissues, which indicates the presence of 

cancer. Microscopic analysis of tissues is the only perfect method for verification of the existence of the 

cancer, and cancer grading which is the measurement of cancer severity. Due to recent development in 

digital pathology, digital image can be generated from glass tissue slides of biopsy samples. These images 

are called histological images and are used for analysis. The Pathologist can determine the grade by 

viewing these histological images. Histological grade represents the aggressiveness level of cancer. 

Therefore assigning grade to these histological images is very important because this grade information is 

used in cancer analysis and diagnoses planning. Histological grading is used to determine the severity of 

the cancer in the tissue. Pathologist uses Hematoxylin-Eosin (H&E) staining because Hematoxylin makes 

cell nuclei color blue and Eosin makes cytoplasm pink [6]. After staining, pathologists can decide the 

grade by observing the microscopic image of the tissue. The grading process can be done in two steps i.e. 

detection of cancer in the tissue, and assigning grade to the tissue image [2]. To detect cancer the tissue 

image is examined at different magnifications. By using the Gleason grading method described in [7, 8], 

the pathologist assigns a Gleason grade based on the pathological tissue pattern present in the tissue 

image. The Gleason grading method defines five Gleason grades (from 1 to 5) corresponding to five 

different Gleason patterns. Figure 1 shows Gleason grading system in which grade 1 is the least 

aggressive and grade 5 is the most aggressive level of cancer. 

A low grade pattern i.e. grade 1 or grade 2 is very similar to the normal while high grade pattern 

i.e. grade 4 or grade 5 is very different from the normal pattern. The glands in grade 1 and grade 2 have a 

well defined structure. Studies in the literature have recommended that Gleason grade 1 and 2 should 

rarely be used due to their uncommonness in the tissue [10, 11]. The pattern of grade 3 usually has small 

glands forming individual units and stay separated from each other and is the most common pattern. 

Glands in grade 4, tends to fuse with nearby glands so that gland structures become ill-defined. As a 

result, individual gland units are not easy to identify in this pattern. Finally grade 5 pattern is 

characterized by the total loss of gland structures, so that only sheets of cells are visible in this tissue 

pattern. 
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Figure 1. Gleason grading diagram [9] 

 

The study of histological images has been an active area of research since last few years [12–14]. 

The beginning of this research started in early 90s [15] but relatively in low number, apparently due to the 

less saturation of the digital apparatus in pathology. Contemporary improvements in digital pathology, 

various cancer grading methods have been suggested, including brain [16], breast [17], cervix [18], liver 

[19], lung [20] and prostate [21, 22] cancer grading. Analyses on the automated grading dependent on 

histological images are already present in the previous studies [23-25], dealing with various kinds of 

problems related with multiple image modalities 

Stotzkaetal. [12] proposed a method to discriminate between poorly and moderately differentiated 

prostate tissues. Their results are based on the immense number of texture features and shape of the tissue 

image. On the basis of these features they used neural network to classify tissue images. Wetzel et al. [13] 

suggested content-based tissue image retrieval for Gleason grading of prostate tissues. Their results do not 

directly attempt to reproduce the pathologist’s view. Rather, it depends on comparison of tissue image 

features with similar features of previously graded tissue image from database. Smithet al. [14] suggested 

a measurement technique for Gleason grading of tissue histological images, which is based on Eigen 

values and Fourier transform. Their method is able to differentiate 35 images grades out of 36 images 

data set. The limitation of their method is that it could not distinguish between grades 4 and 5.  

 

3. Image Decomposition 

Since Gleason grading of prostate cancer is based on architecture of the glands, not shape 

information of individual cells [9]. It means that grading of HI primarily depend on texture properties of 

the image. Wavelet transformation is the most suitable tool used for texture analysis of image [26-29] for 

classification. Therefore wavelet transformation can be used to extract texture feature of the given image. 

Wavelet transformation is used to decompose a given image into series of sub-band images. Texture 

features is extracted from these sub-band images. Discrete Wavelet Transform (DWT) is used to divide 

the input image into sub bands known as Approximation sub band (LL), Vertical sub band (LH), 

Horizontal sub band (HL), and Diagonal sub band (HH) at each level. Figure 2 shows level 1 

decomposition of input image. In next level only approximation sub band is further decomposed into four 

new sub bands (approximation, horizontal, vertical, diagonal) these new sub bands are represented by 

LLLL, LLHL, LLLH and LLHH respectively.  

In the literature most of the wavelet based techniques [26-28] as discussed earlier, uses pyramidal 

decomposition in which sub bands of low frequency is decomposed repeatedly to form new sub bands 

until a predefined level is reached. 
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Figure 2. Level 1 decomposition showing 4 sub bands 

 

However the limitation of using such method is that, it does not take benefit of the features of high 

frequency sub bands. As we know that image texture features are mostly focused in high frequency bands 

[30]. In order to overcome this limitation discrete wavelet packet decomposition is developed which 

decomposes the high frequency sub bands as well [31] and provides complete representation of image for 

classification using texture properties of the image.  

 

3.1. Discrete Wavelet Packet Decomposition (DWPD) 

 Discrete Wavelet Packet Decomposition (DWPD) is an extension of DWT in which the only 

approximation sub-band is further decomposed. While in discrete wavelet packet decomposition all the 

four sub bands are decomposed further. In DWT low frequency are grouped into narrow bands as only the 

approximation sub band is repeatedly decomposed, which contains the lowest frequency, While DWPD 

also decomposes the high frequency bands at the cost of increased computational complexity. DWPD 

computes all possible sub bands of the image at a particular level. All of these sub bands do not carry 

equal information, some sub bands carry less information and some sub bands carry most or optimal 

information which are sufficient for image representation. Our proposed algorithm is based on  DWPD 

which devides the image into all sub bands by providing pre-defined number of level. Figure 3 shows 3 

level DWPD of prostate tissue image. 

 

 
 

Figure 3. A 3 level DWPD showing all possible sub bands of an input image 
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An input tissue image is decomposed into 4 sub images in level 1. In level 2 each sub image of 

level 1 is further decomposed into 4 sub images which produce 16 (4 × 4) sub images. In level 3 each sub 

image of level 2 is further decomposed into 4 sub images which produce 64 (16 × 4) sub images and so 

on. Thus 3 level decomposition produce total 84 (4+16+64) sub images of a given input image. 

 

4. Feature Extraction and Classification 

4.1. Statistical Features  

Statistical features based on Gray level Co-occurrence Matrix (GLCM), proposed by Haralick [32] 

are extracted from each sub band of the prostate tissue image. GLCM stores information that shows the 

frequency of a pixel with value i appears in a particular direction with a pixel with value j. Therefore 

GLCM is a matrix of co-occurring values at a given direction/offset. GLCMs are computed to perform 

spatial analysis of the sub-bands, which enable us to capture the spectral and texture properties of the 

image. In order to achieve a degree of rotation invariance GLCMs are computed for each sub-band in four 

directions i.e.
θ0 ,

θ45 ,
θ90 and 

θ135 with a distance set from 1 to 4. Thus 16 GLCMs are computed for 

each sub-band. Each GLCM is normalized to 1 so that the sum of all the elements in GLCM is equal to 1. 

In the normalized GLCM each element (i,  j) is the joint probability occurrence of pixel pair with a 

defined offset having values i and j. The normalization of each GLCM is done for extraction of following 

four statistical features. 

i. Correlation: Correlation (Cr) is shown in below equation. It shows how coefficients of 

sub bands correlated with its neighbor over the entire sub band. 

∑
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where, σµ , and ),( jip represents mean, variance and joint probability of sub 

image respectively. The value of correlation is 1 for perfectively positive sub band and -

1 for negatively sub band. Correlation is not defined for constant sub band. 

ii. Contrast: Contrast (Ct) is the difference between coefficients values over a sub band 

and is shown in below equation: 
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*Note: - Contrast value will be zero for a constant sub-band.  

iii. Energy: It is the most important feature which describe whether a texture is present or 

not in a given sub band. The following equation is used to calculate the energy (E) of a 

given sub band: 
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iv. Homogeneity: It is the opposite of contrast and is a measure of the closeness of the 

distribution of elements in GLCM to the GLCM diagonal, as the diagonal elements 

represent pixel pairs with no difference in values. Homogeneity (H) can be calculated in 

below equation: 
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For each sub image we extract 4 statistical features (contrast, correlation, energy and homogeneity). We 

have total 84 sub images for a single input image. Thus for a single input image we have 336 (84 × 4) 

features.  

 

4.2. Classification using Support Vector Machines 

After extraction of statistical features, prostate cancer tissue images are classified on the bases of 

these features. We used binary SVM classifier for classification task. We used multiclass SVM 

implementation provided by Neuburger [33]. LIBSVM default kernel function, which is a Radial Basis 

function (RBF), is used for training. Figure 4 represents flowchart of the overall framework.  
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Figure 4. Flow chart of proposed cancerous tissue classification algorithm 

 

5. Experimental Results 
The efficiency of the proposed technique for cancerous tissue classification is tested using the 

images from Webpathology [34, 35]. The images are in color and of different size. These images were 

preprocessed i.e. resized into the same size of 500 × 324 pixels and converted into gray scale as color of 

image does not carry useful information in Gleason grading process. We finally obtained 43 images of 

grade 3, 44 images of grade 4 and 42 images of grade 5. We excluded grade 1 and grade 2 in our 

classification because they are very rare and also they are very similar to normal tissues. We used Haar 

Wavelet filter for wavelet decomposition up to level 3 for calculating sub images of the given input 

image. Several experiments were conducted to analyze the behavior of results with respect to changes in 

training and testing images dataset. We used 10-fold cross-validation protocol in which the training set is 

divided into 10 subsets -- 9 subsets are used for training and remaining one is used for testing. Table 1 

shows experimental results. 

Table 1 shows the average classification accuracy for grade 3, grade 4 and grade 5 in each 

experiment. The purpose of these experiments are to explore the efficiency of the proposed algorithm 

with changing in training and testing images dataset and also to find out the optimum number of tissue 

images dataset that can be used for training and template creation to achieve better results. Table 2 shows 

individual average accuracies for grade 3, grade 4 and grade 5. 

 
Table 1. Experimental results 

Exp. No Training images Test images Correctly classified Classification rate % 

1 117 12 11 91.66 

2 116 13 11 84.61 

3 116 13 13 100.00 

4 116 13 13 100.00 

5 116 13 12 92.30 

6 116 13 11 84.61 

7 116 13 11 84.61 

8 116 13 11 84.61 

9 116 13 13 100 

10 116 13 13 100 

Mean Accuracy 92.24 

Standard Deviation  7.25 

 

In the table 2 we observe that 119 out of 129 images were correctly classified which gives 92.24% overall 

average classification accuracy.  
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Table 2. Average Classification Rate for Each grade 

Grade Total Test images Correctly Classified Classification rate % 

Grade 3 43 41 95.34 

Grade 4 44 40 90.90 

Grade 5 42 38 90.47 

Total 129 119 92.24 

 

5.1. Evaluation of our Classification Techniques 

The accuracy of prostate cancer tissue image classification cannot be compared directly because 

there is no standard benchmark dataset of histological images of prostate cancer tissue available [36]. 

Each and every researcher acquired a unique dataset [2] from the specific hospital dealing with digital 

pathology, just because of the lack of a standard dataset. Section 5, First Paragraph gives a detail 

description of the dataset we used for our experiments. In order to provide relative measure of the 

performance of the classification technique and to facilitate such comparison, well known and widely 

accepted standard benchmark database of prostate cancer tissue image is needed. Table 3 shows our 

approach provides better results as compared to the existing techniques. 

 

Table 3:  Results comparison 

 

The above table clearly shows that our classification accuracy of 92.24% is better than state-of-the-art 

work by Gorelicket al. [37], Nguyen et al. [21] and Ali et al. [22]. 

 

6. Conclusion 

In this research work we have studied prostate cancer tissue histological image classification 

algorithm based on wavelet packet decomposition. The most important need for image classification 

techniques is that the extracted features of an image should be discriminative and uncorrelated. By using 

this principle, the features will generate very informative and compact representation of the image for 

classification purpose.  

DWPD enable the decomposition of an image into various frequency sub-bands. This property 

enables it appropriate for the purpose of classification of texture images. Suitable features required to be 

extracted for texture image classification to make a representation which is more discriminative in the 

transform domain. Commonly used wavelet features are contrast, correlation, homogeneity and energy of 

each wavelet sub band. The over-complete structure of the wavelet packet decomposition motivates the 

selection of the wavelet features for classification. 
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