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Abstract: This work aims to develop texture-based 

microscopic image retrieval methodology for leukocyte 

recognition. This approach includes four consecutive steps viz. 

color normalization technique, noise reduction, segmentation 

method and textural feature extraction.  The quadratic 

approach provides best normalization which is followed by noise 

removal by median filter. Comparative studies among five 

filters have been experimented to search the best suited filter 

for this particular type of microscopic image of peripheral 

blood smears.  In segmentation step, the segmentation is done 

by quaternion Fourier transform (QFT) and this method is 

compared with literature. The comparative study reveals that 

amongst three segmentation techniques, quaternion Fourier 

transform gives higher segmentation accuracy (92.13%) to 

identify the leukocyte nucleus. Comparative analysis in feature 

extraction step shows that Gabor-wavelet features provides 

higher precision i.e., 82.5% for (normal leukocyte) query image 

and histogram based features gives the better precision 

(76.53%) for recognizing abnormal leukocyte. 

 

Keywords: CBIR, Quaternion Fourier transform, Gabor wavelet, 

CML Leukocytes, blood smear image.  

 

I. Introduction 

Content-based image retrieval (CBIR) approach uses visual 

contents to search the image from large scale databases 

according to user‘s interests. The term ‗visual content‘ refers 

to colors, shapes, textural and any other information of the 

image. The ‗content-based‘ means a search which will 

analyze the visual content of the image rather than the 

metadata such as keywords, tags, or descriptions associated 

with the image. CBIR involves retrieval of images similar to a 

query image in terms of visual features or visual information 

extracted from the images. It has been used in various 

applications such as digital forensic investigation, fingerprint 

matching, face detection, DNA matching and also used in 

medical science for finding critical information towards 

various disease diagnostics. 

Light microscopic imaging of peripheral blood smears 

generates significant clinical information about blood cells 

leading to various blood related disorders. In view of this, 

large collections of digital blood smear images are developed 

in the form of microscopic image repository to keep track of 

patients‘ hematological records. Amongst various types of 

hematological disorders, leukemia is one of the most well 

known types of blood cell disorder which affects the quality of 

life of a human being a lot and hence its early prediction is 

required for proper therapeutic intervention. There are 

mainly four types of leukemia -   chronic myeloid leukemia 

(CML), acute myeloid leukemia (AML), chronic lymphoid 

leukemia (CLL) and acute lymphoid leukemia (ALL). In 

addition, leukocytes itself are also of five types viz., 

neutrophil, eosinophil, basophil, monocyte and lymphocyte; 

those of which are visually differentiated by mainly their 

nucleus shape-size and color as well as textural information of 

cytoplasm. 

As early screening leads to reduce the mortality rate due 

to leukemia, there is an indeed need of developing semi or 

fully automatic diagnostic scheme for blood microscopic 

images. Various attempts by the researchers have been made 

towards this, but most of these are based on either classifiers 

or knowledge-based approaches. In effect, the detection 

process becomes time-consuming. Under such circumstances, 

CBIR plays a crucial role by retrieving the most similar image 

to classify the query image through pattern matching without 

using all the images together and hence this takes 

comparatively less time to provide the diagnostic result. In 

view of this, this work addresses the development of a content 

based leukemia image retrieval methodology from the large 

microscopic image database. 

CBIR is the major research topic in medical image processing 

domain due to the large microscopic blood smear image 

database. It has become one on the active and fast research 

area in the field of computer vision over past decades [1, 2]. 

Early techniques were not generally based on visual features 
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but on the textual annotation of images. In other words, 

images were first annotated with text and then searched using 

a text-based approach from traditional database management 

system [3]. Annotating images with text is a cumbersome and 

expensive task for large image databases and is often 

subjective, context-sensitive and incomplete. In the beginning 

of the 1980‘s text based retrieval system for image is present, 

but the start of CBIR such as Query by Image and video 

Content (QBIC) system by IBM researcher [4] in the 1995. 

Since then, research on CBIR has developed rapidly. So many 

commercial systems were designed for image retrieval such as 

Blobworld system [5], PicHunter [6], Virage [7], Photobook 

[8], etc. Most of the retrieval systems have similar 

architectures for image storage and access methods, visual 

feature extraction and similarity distance measurements. In 

medical applications, approaches have been proposed on 

CBIR system which is specially designed to support medical 

tasks [9-11]. Designing CBIR for medical images in the 

different imaging modalities requires very specific and 

particular diagnostic information. Many CBIR systems exist 

in different medical imaging modalities such as computer 

tomography (CT), magnetic resonance images (MRI), 

positron emission tomographic (PET), X-ray images, 

ultrasound images, light microscopic images [12-15] etc. In 

the context of light microscopic blood smear image retrieval, 

in [16] proposed automatic method of a CBIR system for 

blood smear images using global feature color histogram and 

wavelet transform. But only using global feature over medical 

images to retrieve similar image, may fail to find similar type 

of images [17]. Therefore region based feature or local feature 

is required for efficient medical image retrieval system 

[18-19]. In [20] worked in image retrieval for leukemia 

affected blood cells in which they have reviewed on the 

technical aspects of image acquisition, analysis, search and 

retrieval. They summarized that the importance of 

segmentation is the key step for retrieve similar leukemia 

blood smear image. For identification of leukocyte region, 

there are varieties of automatic or semi-automatic methods 

have been proposed to segment leukocytes [21-23]. From 

those literatures we find different segmentation method. Here 

automatic, unsupervised and robust segmentation technique 

is required to develop CBIR system. In [42] the paper 

describes a preliminary study of developing different class of 

leukemia using microscopic blood smear images. In [43] 

Bimodal system for retrieval of pathology images where 

region of interest in the image segmented and invariant shape 

descriptors used for similarity measure. Segmentation and 

classification methods are used for performing similarity 

measure [44] in an automated expert system for lymph node 

Hemopathology. In [45] acute leukemia identification is done 

from peripheral blood smear image. They extract feature from 

lymphocyte nucleus and cytoplasm for classification. 

Comprehensive literature survey showed that no significant 

attempt has been made towards texture based pattern 

matching for leukemia detection in addition to morphometric 

similarity.  

In order to overcome the problem of retrieval of leukocyte 

blood smear image, we propose quaternion Fourier 

transforms based segmentation technique to retrieve similar 

images. Our CBIR system can make a strong impact in 

diagnostic, research and education for blood smear images. 

Rest of the paper is organized as follows: In section II we have 

described the framework of the proposed method. In section 

III we have described color correction and different 

preprocessing technique of blood smear image. In section IV 

we have proposed quaternion Fourier transform based 

segmentation technique of leukocyte nucleus. In section V, we 

have explained different textural features and distance 

measurement techniques for retrieval of normal or CML 

leukocyte images. In section VI we have shown the 

experimental results with further discussion. 

II. Framework of Proposed Methods 

In CBIR, the user may search a large collection of medical 

images that are similar to a query image. The search is based 

on perceptual similarities of the attributes color, texture and 

shape. Here the proposed method is based on color image 

segmentation where our objective is to separate leukocytes 

from the background. Before segmentation to make a 

standardization of microscopic blood smear image we applied 

color correction method and preprocessing technique for 

noise removes. Using Quaternion Fourier transform first we 

obtain reconstructed image of blood smear image. From the 

reconstructed image we extract leukocyte regions. For 

identification of healthy and CML leukocyte, Gabor wavelet 

features are extracted from region of interest and similarity is 

computes between a query image and database image feature 

vector. Overall work flow diagram of leukocyte blood smear 

image retrieval is shown in figure 1. 
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III. Color Correction and Preprocessing 

A. Microscopic image data collection 

A set of 100 healthy and 100 CML light microscopic image 

samples was collected from Dept. of Pathology, Midnapur 

Medical College & Hospital, West Bengal.  All these images 

were grabbed by expert pathologists using Leica Observer 

(Leica DM750, Switzerland) compound microscope under 

100X oil objective (NA 1.5150) in JPEG format with image 

resolution of 640×480.  

B. Color Correction Technique 

The color of microscopic blood smear images may vary from 

sample to sample and this color variation is mainly generated 

from the camera calibration, light intensity as well as staining 

variability. Therefore it is very much important and beneficial 

approach to make a standardization of the microscopic image 

color to a particular scale.  Sometimes, it has been observed 

that, in case of microscopic blood smear image, any variation 

from the color value intensity level can be contributed to a 

change in illumination. Gray world assumption, retinex 

theory and quadratic mapping are three common method used 

for illumination correction [34]. The gray world and retinex 

theory lead to methods that are very efficient and produce a 

linear correction to the R and B channels. Quadratic mapping 

is an effective technique which is combination of the two gray 

world and retinex theory method together. Basically, the gray 

world assumption is defined as a technique which balances 

the different color channel of an RGB image with respect to 

gray value in order to maintain an average of gray across the 

entire image of microscopic blood smear images. 

1) Gray world assumption 

Let us consider a microscopic blood smear image as I(p, q), 

where p and q describe the coordinates of the image having 

size M×N. Ir(p, q), Ig(p, q) and Ib(p, q) are respective red, 

green and blue channels of the of microscopic blood smear 

images. The average value of red, green and blue channel is 

defined as,
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Therefore by keeping the green channel as constant and the 

gain for red and blue channels are calculated as follows,  
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Finally, the adjusted value of red and blue channel are termed 

as, 

                  
   

`

, ,  qr rI p q G I p 
                       (5)

 

                 
   

`

, ,  qb bI p q G I p 
                      (6)

 

Therefore the final output image after illumination correction 

is represented by  
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2) Retinex theory 

It is argued that the perceived white associated with the 

maximum cone signals of human visual system. As such, the 

method for white balance should be to equalize the maximum 

values of the red 
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The gain for red and blue channels are calculated as follows,  
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Then adjust the red and blue pixels by, 
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illumination correction is represented by 
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3) Quadratic mapping 

To incorporate the both gray world and retinex methods 

quadratic approach has come. As with the quadratic mapping 

methods above we keep the green channel unchanged. Let the 

change to the red and blue channels be represented as 

          
~

2, , ( , )r r rI p q I p q I p q                   (15) 

             
~

2, , ,b b bI p q I p q I p q                  (16) 
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In the equation (15) and (16) where  ,  are the 

parameters for automatic illumination correction using 

quadratic mapping. To satisfy the gray world assumption, we 

require that (17) and (18), 
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Similarly to satisfy the Retinex theory, we need (19), 
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From the (18) and (19) both equations can be representing in 

a matrix. In equation (20) as follows, 
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The illumination correction for blue channels can be 

computed in the same manner. From this equation (20) we 

can find the value of  ,   using Cramer‘s rule. Using this 

 ,  value red and blue color channel adjusted and green 

channel remain constant to get color corrected image.  

C. Noise reduction of microscopic blood smear image 

Several filtering techniques are incorporated to filter out the 

noises present in the images.  Here, we assume that the 

original image corrupted by noise as ( , )g a b and Spq 

represents the set of coordinates in a rectangular sub image 

window (neighborhood) of size m × n, which is centered at a 

point (p, q).  The filtered image is represented by ( , )f p q . 

The filters used in the comparative study are described as 

follows, 

1) Median filter 

Median filter [32] is very popular type of filter which provides 

an excellent amount of random noise reduction capability 

with considerably less blurring than the linear type of 

smoothing filters of the same size. 
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2) Laplacian filter 

Hence this filter sharpens the image while the Laplacian 

image [32] is superimposed over the original one. Here, 

Laplacian filter is defined as, 
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Where, represents the second derivative.  

3) Alpha trimmed mean filter 

Alpha trimmed mean filter [32] is used for removing the 

mixed type of noises like salt and pepper noise, Gaussian 

noise.  Suppose gr(a, b) represents the remaining (mn – d) 

pixels in the sub image Spq. A filter which is formed by the 

average value of the remaining pixels is defined as the alpha 

trimmed mean filter. Here, it is defined as, 
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4) First order statistics filter 

This filter uses the first order statistics [32] of the 

neighborhood of the centre pixel in the sub image Spq. The 

filter function is defined as, 
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Where, f(p, q) is the estimated impulse noise reduced value of 

pixels at location (p, q) on the image with an original value 

g(p, q). ( , )g p q  is the local mean of the m × n neighborhood 

around and including g(p, q). ( , )k p q  is the weight factor 

with [0,1]k . The factor ( , )k p q is a function of local 

statistics and it is computed as, 
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Where, 
2 ( , )p q

 
is the local noise variance in the moving 

window (W = m ×n) and 
2  is the variance of noise in the 

whole image respectively. Hence the noise variance of the 

whole image is computed as, 
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Hence in our problem, the window size is taken as 5×5. 

5) Midpoint filter 

Midpoint filter computes the mid-point [32] between 

minimum and maximum values within the area encompasses 

by Spq. Therefore, the value of restored image f at point (p, q) 

is calculated by, 
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    (27) 

This filter actually is the combination of order statistics as 

well as averaging filters and displays better result for 

randomly distributed noise structures (e.g. Gaussian or 

uniform noise).  

D. Quantitative performance measures for filter 

The preprocessing steps are considered according to some 

quantitative performance measures of the considered filters as 

well as enhancement procedures. We have taken a common 

representation of original microscopic blood smear image as 

( , )g p q and the filtered image as ( , )f p q . 
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1) Mean square error (MSE) 

Mean square error [32] is a typical metric which is used to 

calculate the measure of change in quality between the 

original image and preprocessed image. 
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2) Root mean square error (RMSE) 

Root mean square error (RMSE) [32] is defined as the square 

root of MSE value. Actually RMSE helps to find out the 

standard deviation of the mean square error rate between the 

original image and preprocessed image.  
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3) Signal to noise ratio (SNR) 

Signal to noise ratio [32] defines the comparative ratio value 

of average power of signal to the estimated noise component 

present within the signal. Here this ratio is calculated in 

between the original image and estimated noise component 

present in that image. This ratio is defined as, 
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4) Peak signal to noise ratio (PSNR) 

Peak signal to noise ratio [39] is used to calculate the ratio of 

the maximum possible power of an image signal and the noise 

which affects the fidelity of the representation.  The 

calculation of PSNR is advantageous because of its easier 

computational approach but this ratio should not represent the 

perceptual quality of the image.  PSNR is formed as, 
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Here ‗max I‘ represents the maximum possible pixel value of 

that particular image (in between 0-255 range of gray values). 

5) Average difference (AD) 

Average difference (AD) [39] calculates the difference 

between the original image and filtered image. A lower value 

of AD proves that more noise is removed from the image and 

image is more apparent in look. AD is computed as, 
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6) Normalized absolute error (NAE) 

Normalized absolute error (NAE) [39] helps to find out how 

much the filtered image is close to the original one i.e. how 

much noise is removed from the image. So, larger value of 

NAE indicates poor quality of filtered image. Here, NAE is 

computed as, 
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7) Universal image quality index (UIQI) 

The universal image quality index (Q) [38] relates the three 

basic factors of the original and enhanced images i.e. loss of 

correlation, luminance distortion and contrast distortion.  
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kg and kf  are the mean of sub image window for original 

and enhanced image, 
,k f

  and 
,k g

 represent the standard 

deviation of kth sub image window W for original and 

enhanced image, ,k f g is the covariance between them. Here 

window size is 5×5.  

IV. Segmentation Technique 

A. Quaternion based segmentation 

The light microscopic blood smear image is a color image can 

be represented using quaternion as follows: 

 , ( , ) ( , ) ( , )f p q r p q i g p q j b p q k        (35) 

Where ( , )p q  pixel indicates coordinates. ( , )r p q , 

( , )g p q and ( , )b p q  denote R, G and B components of the 

pixel respectively. Quaternion approach introduced by 

Hamilton [24] has been used in the many color image 

processing applications. The application of quaternion 

Fourier transforms on color images was reported by Ell and 

Sangwine to represent color image pixels using quaternion 

and then implement the quaternion Fourier transform [25]. A 

quaternion has four components, one real and three 

imaginary. A pure quaternion q in its form                                                      

            q w xi yj zk                         (36) 

Where w, x, y and z are real numbers; i, j and k are the 

imaginary parts. The hyper-complex or quaternion color 

image is represented as 

1 2 3( , ) ( , ) ( , ) ( , )f p q r p q g p q b p q        (37) 

Where 1 2 3, ,  
 
are unit pure 

quaternion,
2 2 2

1 2 3 1      , 1 2  , 2 3  , 

1 3   and    3 1 2    . Ell and Sangwine defined 

Quaternion Fourier transform (QFT) of ( , )f p q   can be 

described as follows 
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Where  1,2i  In the frequency domain ( , )u v
  

is the 

co-ordinate location of an image pixel and in the special 

domain  ( , )p q  is the co-ordinate location of an image pixel. 

After computing QFT we set amplitude spectrum as a 

constant (A=1) and  ,QFT u v contain only phase spectrum 

in frequency domain which carries location information [26]. 

After that Inverse quaternion Fourier transform (IQFT) 

of  ,QFT u v  can be represented as 
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And whose result is presented as ( , )t p q : 

     0 1 1 2 2 3 3( , ) , , , ( , )t p q i p q i p q i p q i p q     

(40)                                                    

After taking absolute value of ( , )t p q  we reconstruct image 

which gives accurate location of leukocyte based on as 

follows: 

                   2( , ) ( , )R p q t p q                   (41) 

Leukocytes are detected according to the reconstructed image 

obtained. Then morphological operations have been used for 

identification of leukocytes from the reconstructed image. It 

removes platelets or artifact from the reconstructed image. 

Afterwards, the leukocyte nuclei are segmented from 

reconstructed image. 

 

Pseudo code for Finding Segmented leukocyte nuclei from a 

blood smear image 

 

Step 1: Input the leukocyte color image. 

Step 2: Perform color correction and preprocessing using 

quadratic mapping and median filter respectively. 

Step 3: Construct Quaternion image q (n, m) using RGB 

color channel. 

Step 4: Perform quaternion Fourier transform on 

quaternion image. 

Step 5: Set the amplitude spectrum as a constant value 

(A=1) and get original phase spectrum. 

Step 6: Then perform inverse Quaternion Fourier 

transform on original phase spectrum. 

Step 7: Take absolute value of reconstructed image. 

Step 8: Convert into gray image. 

Step 9: Convert into binary image to perform 

morphological operation. 

Step 10: Perform dilation and erosion operation using 

disk-shaped structuring element with radius 1 and fill the 

nuclei. 

Step 11: Get segmented leukocyte nucleus image. 

 

V. Feature Extraction and matching 

A. Feature extraction  

The main purpose of texture-based retrieval is to find images 

or regions with similar texture. It is assumed that we are 

interested in images or regions that have homogenous texture. 

1) Gabor wavelets 

A two dimensional Gabor function [27] [37] is explained as, 
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At this point, w denotes modulation frequency; p and q  

indicates the standard deviations of the Gaussian envelope 

function. The self-similar Gabor wavelets are obtained 

through the generating function: 
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Where p and q specify the scale and orientation of wavelet 

respectively and 
la
 is a scale factor, l and k are integer, the 

orientation θ is given by θ = kπ/K, and K is the number of 

orientations. Therefore, for a given input of image ( , )I p q , 

its Gabor wavelet transform is estimated as 

     , ,, , * ,l k l kX p q I p q G p q              (44) 

For l = 1, 2. . . S and k = 1, 2. . . K.  Here, the parameters K and 

S are number of orientation and number of scales respectively. 

The mean and the standard deviation are used as features of 

this wavelet function and are represented by the following 

equations, 
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Hence, ,l k  and ,l k  construct the feature components of 

the feature vector. Putting K = 6 (as no of orientations) and S 

= 4 (no of scales), a feature vector of length 48 is obtained.         

           11 11 46 46, ,..........., ,F                     (47) 

2) Wavelet 

Nine wavelet features are extracted from the normal and 

leukemia leukocytes image after decomposing. Here, 

‗Daubechies‘ wavelet [28] is used here to measure the wavelet 

features. The details' coefficients are extracted at level 4. 

Then the percentage of energy corresponding to the 

approximation is considered. 

3) Entropy measure 

Entropy is the measure of uncertainty associated with 

randomness. Here we have consider five different types of 
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entropy measures including Shannon, Havarda and Charvat, 

Kapur‘s entropy, Renyi‘s [29],  and yeager‘s measure. Here 

considering the gray level 

histogram
iH ,  10,1,2......., li N  , where 

lN is the 

number of distinct gray levels of the leukocyte. 

a) Shannon Entropy 
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b) Havarda and Charvat’s entropy 
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c) Kapur’s entropy 
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d) Renyi’s entropy 
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e) Yager’s measure 
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4) Histogram based first order statistical textural 

features 

From the leukocytes we have computed five types of first 

order statistical feature viz. mean, variance, skewness, 

kurtosis and energy [30]. 

5) GLCM based textural features 

Firstly we have calculate Gray level Co-occurrence matrix 

(GLCM) from segmented leukocyte nucleus which is square 

matrix of N N, where N is the number of gray levels. 

Haralick described statistical features using GLCM that can 

describe the texture of the leukocyte. Some features like 

Correlation, Contrast, Homogeneity, and Energy are 

calculated [31]. 

B. Distance measure 

1) Weighted-Mean-Variance (WMV) 

Consider two images patterns u and v and let 
( )uF  and  

( )vF  

represent the corresponding feature vectors. Then the 

distance between the two patterns in the feature space is 

defined to be,  

              , ( , )lk

l k

d u v d u v                         (53) 

Where,  
 

( ) ( ) ( ) ( )

,
( )

u v u v

lk lk lk lk
lk

lk lk

d u v
   

   

 
   

 ( )lk   and  lk   are the standard deviations of the 

respective features over the entire database [36]. 

2) Euclidean distance 

All features combination is compared with Euclidean 

Distance measurement [33]. It is also called L2 distance. If 

 1 2, ,...., nu x x x  and  1 2, ,...., nv y y y  are n 

dimensions feature vector for query image and database 

image respectively. Euclidean Distance between u and v is 

given by 

              
2

1

( , )
n

i i

i

E u v x y


                     (54) 

VI. Results and discussion 

In this paper we have described the color correction method 

for microscopic blood smear image and explained the need for 

automatic illumination correction technique. Then we discuss 

about three color correction method namely gray world, 

retinex and quadratic mapping which is widely used for this 

task. In figure 2 we have shown color corrected microscopic 

blood smear image. During the preprocessing study three 

different highly experienced medical experts of Midnapur 

Medical College & Hospital, are assigned and simultaneously 

appointed for the evaluation of the color corrected images. On 

the basis of visual assessment of the experts we have chosen 

quadratic mapping technique for color correction as a best 

method. 

 
Figure 2 a) original image b) quadratic mapping image c) 

gray world image d) retinex image 

After color correction we have applied five filtering technique 

for noise removable. Lower value of MSE, RMSE, NAE, AD 

indicates the fact that there is very small change between 
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original and filtered image. In other case higher value of 

SNR, PSNR reports that there is very small change. The value 

of UIQI closer to 1 indicates the best possible image quality as 

well as intact structural similarity. In figure 3 we have shown 

enhanced microscopic blood smear image. On the basis of 

visual assessment of the experts and quantitative performance 

measure we have chosen median filter for noise removal as a 

best method. 

Table 1: Quantitative performance measure of Local first 

order statistics filter 

 MSE RMSE NAE AD PSNR SNR UIQI 

R 3.273 1.793 0.004 0.444 43.132 8.938 0.999 

 G 2519.03 48.610 0.195 -38.541 14.731 -0.016 0.943 

B 6.744 2.586 0.006 0.643 39.913 0 0.999 

 

Table 2: Quantitative performance measure of Mid-point 

filter 

 MSE RMSE NAE AD PSNR SNR UIQI 

R 189.335 13.484 0.029 0.502 25.718 -0.0004 0.999 

G 260.479 16.067 0.046 0.137 24.051 -0.002 0.997 

B 82.874 9.088 0.017 0.645 28.976 0 0.999 

 

Table 3: Quantitative performance measure of Laplacian 

filter 

 MSE RMSE NAE AD PSNR SNR UIQI 

R 363.838 18.708 0.038 5.013 22.869 0.012 0.999 

G 473.243 21.609 0.067 1.923 21.496 0.023 0.999 

B 221.086 14.754 0.025 5.602 24.820 0.0004 0.999 

 

Table4: Quantitative performance measure of Alpha 

trimmed mean filter 

 MSE RMSE NAE AD PSNR SNR UIQI 

R 6872.024 82.853 0.342 80.863 9.769 0.001 0.845 

G 5204.548 72.139 0.347 68.433 10.967 0.002 0.839 

B 7417.822 86.126 0.339 85.148 9.428 7.633 0.848 

 

Table 5: Quantitative performance measure of Median 

Filter 

 MSE RMSE NAE AD PSNR SNR UIQI 

R 26.165 5.096 0.011 -0.572 34.019 -0.000 0.999 

G 24.801 4.953 0.014 -0.325 34.278 -0.0001 0.999 

B 26.102 5.083 0.009 -0.936 34.051 3.674E-05 0.999 

 

 

From the table 1 it has been observed that local first order 

statistics filter has low MSE in R and B color channel (3.273 

and 6.744)  but in case G color channel the MSE value is high 

(2519.031). RMSE value is low in R and B channel (1.793 

2.586 respectively) but in case G channel is high (48.610). In 

case of all color channels NAE and AD value is low for that 

filter. But PSNR value is high in case of all channels. SNR 

value is low for G and B channels but R channel SNR value is 

high. UIQI value is closer to 1. So this filter is not so good for 

this kind of medical application of image. 

From the table 2 it has been observed that Midpoint filter has 

high MSE value for RGB color channel (189.335 260.479 and 

82.874 respectively). RMSE, NAE and AD value is low for 

RGB color channel. PSNR value is higher for RGB color 

channel but SNR value is not high. UIQI value is closer to 1. 

From the table 3 it has been observed that Laplacian filter has 

high MSE value for RGB color channel (363.838 473.243 and 

221.086 respectively). RMSE and AD value is high for RGB 

color channel. But NAE value is low. PSNR value is high for 

RGB color channel but SNR value is low. UIQI value is closer 

to 1. 

From the table 4 it has been observed that Alpha trimmed 

mean filter has higher MSE, RMSE and AD value for RGB 

color channel separately. PSNR and SNR value not so high. 

UIQI value is not closer to 1. So this filter is not good for 

medical application image. 

From the table 5 if has been observed that median filter has 

lowest MSE value for RGB channels (26.165, 24.801, 26.102 

respectively) which reflects the fact that the filtered image 

consist a very little amount of information loss from the input 

image. This filter has lowest RMSE, NAE and AD value. In 

this filter PSNR value is high but SNR value is low. UIQI 

value is closer to 1 for RGB color channel. Finally based on 

expert assessments and visual interpretations, median filter is 

found to be the best choice among all filters. During this 

assessment of choosing the proper filter, the filtered and 

original images are shown to medical experts. They 

separately assess each filter on the basis of their visual 

perspective and experience and provide their valuable reports. 

From the reports, it is observed that median filter and 

midpoint filter are mostly preferred. 
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Figure 3. a) Original image b) Alpha trimmed mean filter c) 

Laplacian filter d) Median filter e) Midpoint filter f) Local 

first order statistics 

Here, characterization of leukocytes images has been 

performed with 50 normal and 50 CML leukocytes. 

Leukocytes are segmented using QFT and Gabor wavelet 

based textual features are extracted from those segmented 

leukocyte nucleus. Ground truth image were prepared by 

expert editing using Adobe Photoshop 7.0 version software. 

We can see from figure 4 (b) and (e) the reconstructed image 

after quaternion Fourier transform where we can detect the 

leukocyte nuclei as well as abnormal nuclei (CML).  

As shown in the reconstructed images, the high frequency 

content in the blood smear images which is normal leukocyte 

or abnormal leukocyte in the blood smear image normal or 

abnormal leukocyte areas are the high frequency content in 

the image. Then these reconstructed images converted into 

binary image and remove all small area connected 

component. To segment leukocyte accurately we use 

disk-shaped structuring element with radius 1 to perform 

dilation and erosion operation. In figure 4 (c) and (f) have 

shown the final segmented images. 

In the figure 5 shows that the original image, ground truth 

image and other four segmented images. The segmentation 

performance of our propose technique is evaluated by 

determine the percentage of accuracy [16], as described by  

 

100%
TP TN

Accuracy
TP TN FP FN


 

  
           (55)                            

Where, TN, TN, FP and FN are true positive, true negative, 

false positive and false negative. The percentage of accuracy 

as in (55) is calculated based on comparison of the pixels that 

represent resultant segmented image and the pixels represent 

ground truth image.  

 

 
Figure 4. a)-b) Original Normal image and Original CML 

image c)-d) corresponding QFT based reconstructed images 

e)-f) After morphological operation segmented image 

 

Table 6.  Comparison based on average Accuracy based on 20 

normal ground truth images 

Methods 
 

Accuracy 

Quaternion based 

Segmentation 
92.13% 

Entropy based Segmentation 86.84% 

Histogram based Segmentation 90.55% 

Otsu‘s thresholding 44.33% 

 

In table 6 shows the segmentation performance using 

Quaternion Fourier transform based, Entropy based, 

Histogram based and Otsu‘s thresholding [21]. The results 

indicate that, segmentation using Quaternion Fourier 

Transform is produced slightly better performance with the 

average accuracy of 92.13% based on 30 microscopic blood 

smear images. Comparing with other method Otsu 

thresholding [21], histogram based segmentation [32], and 

entropy based segmentation [40] produced the accuracy are 

44.33%, 90.55% and 86.84% respectively. In the automatic 

threshold selection technique we observed many draw back. 

Here in QFT based segmentation technique no need to depend 

on threshold selection. In this QFT based segmentation 

technique is automatic and unsupervised. 

After segmentation of leukocyte nucleus, we extract textural 

feature from gray-scale leukocyte nucleus image. In case of 

the Gabor-wavelet feature 48 component feature vectors are 
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used. The comparisons are made with Daubechies wavelet 

[28], Entropy measures including Shannon, Havarda and 

Charvat, Kapur‘s entropy, Renyi‘s and yeager‘s measure 

[29], histogram based first order statistical textural features  

viz. mean, variance, skewness, kurtosis and energy [30] and 

GLCM based textural feature viz. Correlation, Contrast, 

Homogeneity, and Energy [31] are used here. The 

Weighted-Mean-Variance distance measure is used for 

Gabor-wavelet textural feature similarity. For other textural 

feature Euclidean distance is measured. The performance of a 

retrieval system can be measured in terms of its precision 

[41]. It is defined as, 

A
precision

A B



                             (56) 

Where A represents the number of relevant records retrieved, 

B represents the no. of irrelevant records retrieved. Here 

average precision is computed for query image. 

 

 
Figure 5. a) Original Normal image b) Ground truth image c) 

Entropy based image d) Histogram based image e) Otsu‘s 

thresholding image f) Quaternion based image 

 

Distance measure is calculated between the query image‘s 

features and the same of the database‘s image features vector. 

Hence we get an array of distance values. In the database there 

are two type of images; healthy leukocytes and CML. Then 

distances are sorted in increasing order and top 10 images are 

retrieved from the whole database. It is observed from table 7 

that Gabor-wavelet, wavelet, Entropy, GLCM and Histogram 

based textural descriptors [35] provides 82.5 %, 71.418%, 

71.267%, 74.296%, and 78.526% average precision for 

normal query image respectively and from table 8 that textual 

descriptor provides 73.423 %, 64.988%, 69.825%, 67.135%, 

and 76.532% average precision for CML query image 

respectively. In the table 7 Gabor wavelet feature gives the 

best precision average for nor query image but in table 8 CML 

query image histogram based feature perform better than 

Gabor feature. The experimental results indicate that 

Gabor-wavelet feature set are quite robust for whole 

microscopic blood smear image database. 

 

Table 7. Computation of precision (%) for corresponding 

Normal query image 

Query 

image 
Gabor-wavelet Wavelet Entropy GLCM Histogram 

Q1 83.333 83.333 71.428 76.923 100 

Q2 83.333 66.666 66.666 71.428 76.923 

Q3 76.923 58.823 71.428 71.428 76.923 

Q4 71.428 62.5 55.555 66.666 58.823 

Q5 58.823 66.666 71.428 62.5 66.666 

Q6 76.923 83.333 62.5 71.428 76.923 

Q7 83.333 71.428 62.5 71.428 83.333 

Q8 90.909 71.428 83.333 76.923 83.333 

Q9 100 83.333 76.923 83.333 90.909 

Q10 100 66.666 90.909 90.909 71.428 

Avg. 82.5 71.418 71.267 74.296 78.526 

 

Table 8. Computation of precision (%) for corresponding 

CML query image 
Query 

image 
Gabor-wavelet Wavelet Entropy GLCM Histogram 

Q1 90.909 71.428 62.5 71.428 66.666 

Q2 76.923 62.5 58.823 76.923 76.923 

Q3 55.555 62.5 76.923 62.5 55.555 

Q4 76.923 76.923 58.823 58.823 83.333 

Q5 83.333 71.428 90.909 66.666 90.909 

Q6 71.428 58.823 62.5 71.428 83.333 

Q7 62.5 55.555 71.428 58.823 83.333 

Q8 83.333 52.631 62.5 66.666 76.923 

Q9 66.666 66.666 76.923 71.428 71.428 

Q10 66.666 71.428 76.923 66.666 76.923 

Avg. 73.423 64.988 69.825 67.135 76.532 

VII. Conclusion 

CBIR system can be used in disease diagnosis, education and 

research purpose. In case of medical diagnosis scenario the 

usefulness of the CBIR system lies in the accuracy of proper 

image segmentation technique. If the precision is high then it 

is obvious that the CBIR system is power full of diagnosis of a 

disease. Our proposed methodology is automatic, 

unsupervised, and quite robust which provided better retrieval 

sensitivity. In future study we are willing to extend this study 

for other leukemia disease. 
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