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Abstract 
 
Visual interpretation of medical images has greatly improved the early 

diagnosis of cancer in endoscopic images by medical experts. In this work 

detection of esophageal adenocarcinoma (EAC) using image processing is 

the primary motive. Adenocarcinoma is a kind of esophageal cancer that 

starts appearing in cells of mucus glands of the lower portion of the 

esophagus. The process of detecting EAC is done by endoscopic examination 

and detection of its presence is the toughest challenge because it can be 

located arbitrarily throughout the tube of the esophagus. The process of 

accurate detection for their earlier diagnosis is very essential to make the 

victim survive. Hence, this paper concentrates on improving the quality of 

detection of esophageal adenocarcinoma in presence of noise and to extract 

the regions of interest by the energetic feature extraction process. This work 

proposed an Adaptive wiener filter for denoising and Joint Histogram 

equalization is applied to improve the contrast of images. To extract the 

interesting features fuzzy four level Fourier transform is applied. The 

simulation results proved the proposed model achieves the highest peak 

signal noise ratio compared with other pre-processing approaches. 
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1  Introduction 

One of the most common dreadful diseases which holds eighth position 

around worldwide is Esophageal cancer [1]. Appropriately 480,000 patients 

are diagnosed with Esophageal cancer, in India it is positioned as fourth 

cancer related death. It affects both women and men, adenocarcinoma rapidly 

spreads due to changes in lifestyle [2]. Tobacco consumption in various 

forms, poor nutrition, hot beverages and alcohol are the prominently 

influencing factors [3]. Many of the patients are diagnosed only at the later 

stage which transmits a bad prediction. One of the crucial tools to detect the 

presence of esophageal cancer is X-ray barium technique, which provides the 

specialist physician high-quality as a visual detail to determine the disease 

categories [4].  

Generally, X-ray images are investigated by the physicians manually, and 

it is unavoidable to evade unreliable elucidations by interobservers. In a few 

cases, even the experts in radiologists, may misinterpret images of 

esophageal cancerous regions and miss lesions in smaller levels [5]. Hence, 

the main preventive methodology and control actions on esophageal cancer 

would be improved in future, which will contribute more in reducing the 

esophageal cancer-based morality when they are determined at their earlier 

stages, so that it may help to provide the victims healthier life.  

In this work a computer aided diagnostic model is developed to 

determine the presence or absence of theesophagus adenocarcinoma. The 

process of detection starts with image pre-processing which involves image 

denoising, image quality enhancement and potential feature extraction of 

esophageal images.  

 

2 Related Work 

Katsuyoshi [6] in their work k nearest neighbor is sued for diagnosing 

cancer in the mammogram image. The results show due to the varying 

number of neighbour selection the classification accuracy relies and the 

amount of data involved in the classification process.  

Chen et al [7] also uses KNN to categorize the sounds produced by lungs. 

The simulation results proved that there is less error rate in detection of lung 

abnormalities.  
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Sharma & Khanna [8] in their work to discover abnormalities in breast 

X-ray images they used SVM with Zernike moments to classify the images 

under investigation as non-malignant or malignant. The results are compared 

with other existing models and SVM proved its efficacy. 

Yamaguchi et al [9] developed a novel model for detecting esophageal 

cancer in an endoscopic image. The original image decomposed into four 

different components like RGB and luminance, which are applied with 

discrete wavelet transform to these components twice. At each block fractal 

dimensions are used for box counting and their abnormal areas are detected.     

Schoon et al [10] introduced CAD system based esophageal cancer 

detection at their early stages and using their classification model they 

classify normal and tumorous tissue in an effective way.   

Qi et al [11, 12] proposed a CAD system which assists the experts to 

identify dysplasia found in Barrett’s esophagus. The simulation results 

proved that CAD diagnosis enhances the process of detecting dysplasia in 

endoscopic images.     

Zohair et al [13] devised an advanced model of contrast limited adaptive 

histogram equalization which increases brightness of CT images and it 

doesn’t create any visible artifacts.     

Li et al [14] adapted sequential forward selection which uniquely 

performs probe selection issues. The results proved that this model performs 

greedy algorithms and mining techniques are well equipped with artificial 

intelligence. Support vector machines greatly involved in the process of 

statistical theory [15]. 

Papadopoulos et al [16] developed microcalcification detection using 

ANN and support vector machines in mammogram images. The results show 

that the support vector machine performs better than an artificial neural 

network.     

Zhu et al [17] implemented SVM to distinguish abnormalities. They used 

sequential forward and backward selections to eliminate duplicate variables.     

Hsu1 and Yeh [20] developed a deep convolutional neural network,  in 

their work convolutional neural network based positron emission 

tomography (PET) image examination to forecast esophageal cancer 

consequence. 

 

3  Methodology 

Energy Consumed Multi Level Feature extraction on Esophageal X-Ray 

Images based on fuzzy four level Fast Fourier transform 
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Figure 1. Overall Framework of the proposed architecture 

This work focuses on enhancing the quality of the raw esophageal x-ray 

images to improve the process of esophageal adenocarcinoma and its 

framework is shown in the figure 1. This work introduced an adaptive wiener 

filter to remove the noises in the raw images. The Wiener filter changes the 

behavior related to the statistical characteristic of the x-ray image inside the 

filter region that is defined by the maximum rectangular window. The 

proposed methodology performance is tested with 20 raw Esophageal X-ray 

images of Endoscopic Vision Challenge MICCAI 2015 is used [21]. Both 

male and female images are considered with the age group between 45-80.  

After removal of noises, Joint Histogram Equalization Enhancement is 

used to improve the resolution of the image by increasing the contrast range 

in an image by increasing the dynamic range of gray levels and diminishing 

the effects of over brightness and over darkness of an image under 

consideration. The feature extraction process is carried to determine the 

region of interest in which the presence of esophageal adenocarcinoma is 

identified using a fuzzy four level fast Fourier transform.  

 

4  Preamble of Image Noise Handling 

Image noise occurs due to presence of errors during image acquisition, 

which is a random difference of color information produced by the scanner 

or sensor or digital camera. Noise in images are normally treated as image 

unexpected by-product apprehension. These noises resulted in false 

intensities in production in actual images. Few examples of generation of 

noise are  
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● While an image is captured and digitized directly, the technique used for 

collecting such data may introduce noise.  

● Using photographic film, an image is scanned then the grain of film is a 

cause of noise.  

● While performing image data transformation using electronic equipment, 

this causes noise. 

 

4.1  Gaussian Noise 
 

Gaussian Noise occurs due to the image sensor’s reading noise, there is a 

maintenance of consistent level of noise in darker parts of images. It is 

independent of signal intensity on an individual pixel. Other than red or 

green channels, there is higher amplification in blue channels.  

 

4.2  Salt-and-pepper noise  
 

The bright values in dark regions and dark values of pixels is presented as 

salt and pepper noise. 

This kind of noise occurs due to converter fault in analog to digital, dead 

pixels, error bits during conversion, etc. This can be eradicated in huge 

portions by overwhelming dark frame removal and by incorporating 

dark/bright pixels. 

 

4.3  Wiener Filter 
 

While an image is blurred during low pass filter can be recovered by 

restoration technique known as inverse filtering. It also handles additive 

noise filtering. For each kind of degradation, a different combination of 

restoring algorithms was used. A small variant among noise soothing and 

inverse filtering is referred as wiener filtering [18]. It reduces mean square 

error while filtering noise. The error produced by noise smoothing and 

inverse filtering is greatly minimized by applying wiener filtering. It linearly 

estimates the image under investigation by applying a Fourier domain as 

represented in orthogonal theory, which is represented as shown.            

         
                   

|        |
                      

 

Where           represents the dimension of actual image and            
represents presence of additive noise,         is referred to as a blurred 

effect. By applying wiener filter, it is possible to easily partition an inverse 

filtering and noise smoothing potion. It removes both high pass and low pass 

filtering effects on the image under investigation   

Proposed Methodology of Esophageal image pre-processing using 

Adaptive Wiener Filter, Image Enhancement using Joint Histogram 

Equalization and Feature Extraction using Fuzzy Four Level Fourier 

Transform 
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Although a nonlinear median filter is used in many smoothing and image 

enhancement techniques, it also has some demerits. Because it removes both 

noise and important details while filtering, as it fails to differentiate them. 

While using median value to filter the noise the minute the size difference, 

will never be reflected in this process. This is the reason it is unable to 

differentiate fine details and noise of an image. Thus, this proposed work 

uses Adaptive Wiener filter shown in figure 2. 

 

 
 

Figure 2. Pre-processing using Adaptive Weiner filter and Joint Histogram 

Equalization 

Consider the filtering of images corrupted by signal independent zero-

mean white Gaussian noise. The problem can be modelled as 

Y (i, j) = z(i, j) + n(i, j) (1) 

where noise measurement is denoted by y (i, j), noise free image is 

signified as z(i, j) and additive Gaussian noise is represented by n(i, j). The 

goal is to remove noise, or “denoise” y (i, j), and to obtain a linear estimate  

z (i, j) of z (i, j) which minimizes the mean squared error (MSE), 

MSE (z) = 
 

 
∑ (             )

  
      

where M is the number of elements in z (i, j). When z (i, j) and M (i, j) 

are stationary Gaussian processes the Wiener filter is the optimal filter [1]. In 

specific z (i, j) is a kind of white Gaussian process which is known as Wiener 

filter which is formulated as follows.  

z(i, j) = 
  

      

  
         

      
[              ]           
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where    represents signal variances and μ denotes its mean and the 

mean noise is treated as zero   

Algorithm Procedure for Adaptive Wiener Filter Noise Removal 

Technique 

 

Step 1: Partition each input image into a number of equal sizes no 

overlapping contextual regions, whose size is 8x8 blocks, each block 

corresponds to a neighbor of 64 pixels.     

Step 2: Compute the intensity histogram of each contextual region of 

esophageal.  

Step 3: To clip the histogram, assign the clip limits. In general clip limit 

is a threshold value which effectively alters image contrast. If the clip limit is 

higher, it increases the contrast of local image regions so that the clip limit 

must be a minimum optimal value.    

Step 4: By applying a transformation function each histogram is 

modified.  

Step 5: The value of histogram is transformed so that its height will not 

exit the specified clip limit. 

 

5  Joint Histogram Equalization 

This work uses a joint histogram which computes correlation among 

pixel intensity and average intensity pixel value of its neighborhood to 

enhance esophagus image contrast. The computation of correlation is done 

by developing a joint histogram which chooses a group of local pixel 

attributes and constructing histogram in a multidimensional manner [19].      

The individual cells in the joint histogram matrix represent the number of 

pixels in the image expressed by a certain combination of attribute values. 

For instance, consider a joint histogram that combines the pixel intensity 

information of an image with the pixel neighborhood average intensity 

information from another image. 

A selected pixel of an image has a level of intensity {0, …., LV-1} and 

their neighborhood mean intensity levels are {0, …., LV-1}. The entries of a 

joint histogram are LV x LV. Every value is related to a specific pixel 

intensity and its related neighborhood average intensity of the same location. 

The value stored in the location is the number of times the intensity pairs 

occur in two different images.         

More precisely, we can develop a joint histogram with a given set of k 

attributes, where the ith attribute has nth possible values. A K dimensional 

matrix which represents number of pixels of an image by K tuple of feature 

values.  
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5.1  Algorithm: Joint Histogram Equalization on Esophagus 
images 
 

Step 1: Load image database collected from Barrett’s esophagus images 

Step 2: Apply the noise to the original audio signal using Gaussian noise 

Step 3:  Gaussian original wave signal on which logarithmic transform is 

applied  

Log J (y, z) = log I (y, z) + log ɳ (y, z) 

 Step 4: A multilevel decomposition is performed using Fuzzy four level 

Fast Fourier transform.  

Step 5: Apply the types of wavelet 

Step 6: Determine the threshold level of noise and eliminate it from 

image and improve its quality    

This proposed model uses Fuzzy four level Fast Fourier transform to 

remove the noise from the esophagus image. 

● Select the esophagus image as input I and calculate average 

image I’ with the formula () using each pixel value of intensity is replaced by 

average value of intensity of their neighboring pixels. 

                            

         ⌊
 

       
∑ ∑              

 

    

 

    

⌋ 

 

● Where glv(x,y) signifies the grey value of the pixel at the 

respective location (x,y) in I’, neighboring windows are represented using 

wnd2, The features glv(y,z) and feat(y.z) are the features extracted form I 

and I’ respectively.  

● Calculate joint histogram by relating input image with the 

average image I’ using the equation as shown 

JHST = {jhst (i, j) | 0≤i≤IL-1, 0≤j≤IL-1} 

Where jhst (i, j) is the number of occurrence of grey levels pair of 

glv(y,z) and feat(y.z) at the same location (y,z) of an image I and I’ 

correspondingly.  

JHSTeq(i,j) =    (
    

    
                      ) 

 

         ⌊
 

       
∑ ∑              
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Where CDF refers to cumulative distribution function, this is used for 

contrast enhancement process, size of the image is refers as MN 

 

5.2  Fuzzy four level Fast Fourier transform to extract the 
features of Esophagus image 
 

In Fuzzy fast Fourier transform the image is initially converted to the 

fuzzy representation each pixel is represented in terms of degree of 

membership. Once an image is passed to the fast Fourier transform it 

decomposes that image into two different components real and imaginary 

which is a frequency domain representation of the concerned image. The 

number of frequencies of an image is equal to the number of pixels in the 

image or spatial domain. While performing inverse transform it retransforms 

the frequencies into image. The equation of image to represent them in fast 

Fourier transform and its inverse of image is formulated as follows: 

 

          ∑ ∑                
 

 
  

 

 

   

   

   

   

 

        
 

 
∑             

 

 
 

   

   

 

Where fun(m,p) is the pixel at coordinates (m,p), FFT(x,y) is the 

frequency domain related to the coordinates x and y of the image and M and 

P are the image dimensions.  

 

5.3   Block Diagram of feature extraction using Fuzzy four level 
Fast Fourier Transform 
 

The figure 3 shows the decomposition of the images with down sample 

of four and storing in approximation (cA) and detail (cH, cV, cD) matrices.  
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Figure 3 Fuzzy four level Fast Fourier transform based Decomposition of Image 

for feature extraction 

 
5.4  Algorithm: Procedure for Esophagus image feature 
extraction using Fuzzy Four level Fourier transform  
 

             Step 1: Input normalized image.  

Step 2: Select rows blocks and apply low pass filter and high pass filter  

             functions 

         Step 3: Columns are down sampled into two and maintain columns with                  

                          even index 

                    Step 4: Select column blocks, now apply low pass and high pass filters 

             Step 5: Rows are down sampled into two and maintain rows with even index  

             Step 6: Convolve both the entries of rows and columns  

             Step 7: Save Detail matrix coefficient and approximation matrix coefficient  

                         in terms of low to high for horizontal, low to low for approximation,             

                         high to low for vertical and for diagonal high to high are involved. 

                    Step 8: Decomposed output image of level 1 is obtained.  

Step 9: Repeat step 2 to 7 for entire image and decompose signal for Level 2  

            to level 5the performance analysis of the proposed pre-processing 

model in esophagus barrett's image. The simulation is done using MATLAB 

software and the dataset is obtained from Esophageal X-ray images. The 

noise reduction done by the adaptive wiener filter is compared with the three 

existing models, the contrast enhancement of proposed joint histogram 

equalization is compared with other standard algorithms and feature 

extraction done by fuzzy four level fast fourier transform is compared with 

discrete wavelet transform and haar wavelet transform. The evaluation  
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metrics considered for measuring the denoising filter are MSE and PSNR 

values. Performance Analysis on four different filtering techniques of 

Esophagus images is shown in table 1. 

 

5.5  Experiments and Result Analysis 
 

The results of four level fuzzy Haar Wavelet transform’s performance is 

determined by deploying it using MATLAB Software. The performance of 

the proposed model for noise removal in Esophagus Adenocarcinoma 

detection is compared with three existing filtering approaches. They are 

Wiener Filter, Discrete Wavelet Transform and Haar Wavelet Transform. 

The evaluation metrics considered for measuring the denoising filter are 

MSE and PSNR values. The image dataset is collected from Endoscopic 

Vision Challenge MICCAI 2015 [21]. Mean square Error; It is used to 

determine the error rate on the X(i, j) original (noise image) and Y(i, j) 

enhanced image respectively. It is formulated as  

 

MSE = 
 

   
∑ ∑                    

   
   
    

Where p and  q refers to the number of rows and columns of images. 

Peak Signal Noise Ratio: The image with GL gray levels is determined 

by its peak signal noise ratio as follows: 

                             PSNR =   (
       

   
) 
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Salt and Pepper Noise Image 

 

Gaussian Filter 

 
Median Filter 

 

Adaptive Weiner Filter 

 
Figure 4. Output of three different Filtering models over Salt and Pepper noise 

image of esophagus 

The figure 4 shows the output of the three different denoising models, in 

which the median filter and Gaussian filter, reduces the noises in very small 

quantity but the adaptive wiener filter greatly reduces the noise in the image  

as it has the ability of small variant among noise soothing and inverse 

filtering are done by wiener filter. 

 
Table 1: Performance Analysis on Four Different Filtering Techniques of 

Esophagus Images 

Techniques PSNR MSE 

Noisy 24.59 1.76 

Median Filter 32.07 1.54 

Gaussian Filter 49.18 1.37 

Adaptive Wiener Filter 83.26 0.98 
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The table 1 and the figure 5 and 6 shows the outcome of the three 

different filtering techniques which performs denoising on the esophagus 

image affected by salt and pepper noise. The results proved that the 

performance of the adaptive Wiener filter produces more PSNR value and 

error rate is very less compared to Median Filter and Gaussian filter.  

 

 
Figure 5. Comparison based on PSNR of Noise Filtering Models 
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Figure 6. Comparison based on MSE of Noise Filtering Models 

To determine the measurement of image enhancement EME is used after 

applying joint histogram equalization which is formulated as follows: 

 

       
 

   
∑ ∑*    (

        

        
)+

 

   

 

   

 

Where an Image X(p,q) which splits the blocks into p*q, size of the 

image is h*g. Each block is represented using Y(i,j) is referred to as a block 

with i and j denotes rows and columns of the corresponding block. The 

minimum and maximum intensities in an image block is represented by 

                    respectively. Figure 7 shows the outcome after Applying 

Joint Histogram Equalization the grey levels are evenly distributed  
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Figure  7. Applying Joint Histogram Equalization and evenly distributed  grey 

levels histogram 

Figure 8 shows the image of esophagus after applying fuzzy four level 

Fourier transform the image information are extracted and their texture 

information and feature extraction are listed in the table  

 
Figure 8. Fuzzy Four Level Fast Fourier Transform 
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Table 2:  Features extracted based on intensity and texture information 

Features Extracted  Accuracy 

Contrast  0.1832 

Correlation  0.108 

Energy  0.8496 

Homogeneity  0.9588 

Mean  0.0029 

Standard Deviation  0.0729 

Entropy  2.748 

RMS  0.0729 

Variance  0.0053 

Smoothness  0.9619 

Kurtosis  22.671 

Skewness  1.6385 

Signal Energy  384.4321 

 

The table 2 depicts the 13 different features extracted from the image of 

barrett's esophageal images to improve the process of esophageal 

adenocarcinoma at its earlier stages. This work extracts both texture and 

intensity features of esophageal images. The GLCM features are extracted 

from the images such as contrast, correlation; energy and homogeneity are 

texture features. Mean, variance, Skewness, standard deviation are the 

intensity feature constraints. The other parameters RMS, smoothness and 

kurtosis features are also extracted.  

 

6   Conclusion 

The chief objective of this paper is to enhance the quality of esophagus 

image which will improve the detection process of esophagus 

adenocarcinoma at its earlier stages. This work introduces three different 

image enhancement processes by applying adaptive Wiener filter for removal 

of noise in image, increasing the contrast of the image to distribute the 

histogram evenly and to improve the edge detection more effectively. To 

perform adenocarcinoma detection in esophagus the significant features 

which contribute more in this process has to be identified instead of 

searching entire image, thus this work introduced fuzzy four level Fourier 

transform which fine grains the information of the image signals and 

produces feature information in terms of texture and intensity of images 

under investigation. The simulation results also proved the performance of 

the proposed three different enhanced pre-processing models produce best 

results compared to the other existing models.  
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