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ABSTRACT 

 

Image enhancement is the most significant preprocessing steps in 
image analysis. In this paper we implemented six efficient digital 
mammogram enhancement algorithms based on wavelet transform 
and tophat filtering. Wavelet transformation on the tophat images 
are performed by different thresholding algorithms such as SURE 
shrink, Level dependent wavelet threshold, level dependent Visual 
shrink, Normal Visual shrink and modified level independent 
Visual shrink. Also we proposed a novel method namely bit plane 
wavelet decomposition of tophat image. The performances of the 
different algorithms are measured by computing average Contrast 
Improved Index (CII). It is found that wavelet decomposition of 
the tophat filtered image thresholding with SURE Shrink gives the 
best performance indicated by CII value of 1.243. 
 
Keywords: Bit plane, Mammogram, Sure shrink, Top-hat 
filtering, Visual shrink, Wavelet transform. 

 

1.  INTRODUCTION   
 
 Medical images acquired through 
various devices are in general low contrast 
as well as contaminated with noise. These 
images also have complicated structured 
background. Hence extraction of 
abnormalities from these images is very 
complex. Image enhancement is the most 
significant preprocessing step in medical 
image processing.  Enhancement operation 

removes blurring and noise and finally 
increases the contrast such that the fine 
details are visible. Image enhancement 
techniques have been widely used in the 
field of radiology, where the subjective 
quality of image is important for human 
interpretation and diagnosis. Various 
algorithms for enhancement of medical 
images have been already developed and 
tested on different set of images. 
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 The detection of cancer tissues in 
mammogram is a very time consuming task 
for even highly skilled radiologist. Digital 
mammograms are now becoming more 
popular as it is easy to store, transmit and 
analyze. A digital mammogram is created 
when conventional mammogram is 
digitized, through the use of specific 
mammogram digitizer or camera so that it 
can be processed by a computer. 
 In this paper we focus on method of 
enhancement of medical images which 
incorporates morphological filtering and 
wavelet transformation. A work carried out 
in1 on morphological filtering with wavelet 
transform reported better enhancement 
compared to visual shrink and Bayes 
shrink1. The same work modified using 
wavelet transform with SURE shrink5 
produced even better result. The result 
produced by visual shrink is also very good 
in this regard. 
 

 We implemented two methodologies 
for enhancement namely tophat and wavelet 
transform. Combined effect of enhancement 
of mammograms through tophat and 
multilevel wavelet analysis with different 
threshold values like Visual threshold, 
SURE threshold and level dependent 
wavelet decomposition of tophat images 
found to give good results compared to the 
various existing algorithms for 
enhancement. We have also implemented a 
novel method named Bit plane 
decomposition for the enhancement of top-
hat images. The result produced by this 
method is not very promising, but better than 
the mere tophat image transformation. 
 This paper is organized as follows. 
Section II describes two mammogram 
enhancement methodologies viz mathematical 

morphology and wavelet analysis. In section 
III we explain different thresholding 
algorithms used in the wavelet analysis for 
image enhancement. In the next section, we 
describe one more new method named Bit 
plane decomposition. Section V explains the 
quantitative performance evaluation of the 
results. Section VI describes the results of 
the experiments, followed by conclusions in 
the section VII. 
 
2.  IMAGE ENHANCEMENT 
 
 Mammographic images are often 
characterized by low contrast and relatively 
high noise content. Image enhancement can 
be accomplished by removing noise and 
enhance contrast and edges. However, they 
will also destroy areas of the image where 
the intensity of the pixels is outside the 
range of intensities being enhanced. 
 In this paper, we discuss two 
methods for enhancement. The first method 
is based on morphological filtering and the 
second is based on wavelet transformation. 
This is followed by  discussion on a 
combination of two methods together with 
the different thresholding approaches such 
as Level dependent thresholding algorithm, 
Adaptive threshold selection using the 
principle of SURE, Level dependent visually 
calibrated adaptive smoothing and Level 
independent visually calibrated adaptive 
smoothing. 
 
A.  Morphology Top-hat 
 

 Morphological contrast enhancement 
is based on the notion of morphological 
tophat which was proposed by Meyer. A 
tophat1 is a residual filter which preserves 
those features in image that can fit inside the 
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structuring element and removes those that 
cannot. The tophat opening, ho, is defined as 
the difference between the original image f, 
and its grayscale opening using the structure 
element A 
 

ho = f - (f o A)       (1) 
 
 Similarly, the dual tophat by 
closing, hc , is the difference between the 
gray scale closing using the structure 
element A and the original image f: The 
structuring element A is defined as disk like 
structure with size 15. 
 
hc = (f • A) – f       (2) 
 
 The Tophat opening, yields an 
image that contains all the residual features 
(i.e., peaks and ridges) removed by the 
opening. Adding the residual features to the 
original image has the effect of accentuating 
high intensity (high) structures. The dual 
residual (i.e. valleys and roughs) obtained by 
using the tophat by closing, is then 
subtracted from the resulting image to 
accentuate low-intensity (dark) structures 
 
M = f + ho - hc             (3) 
 
 This reduces high frequencies in 
image (noise). However, a drawback of the 
mathematical morphology technique is that a 
part of the noise still remains. To remove the 
remaining noise, we use the wavelet 
transform. 
 
B. Wavelet Transform 
 
 Wavelet Transform (WT)5 was first 
introduced to medical imaging research in 
1991 in a journal paper describing the 

application of wavelet transforms for noise 
reduction in MRI images. The wavelet 
transform is a decomposition of an image 
onto a family of functions called a wavelet 
family, in which all of the basic functions 
(called wavelets) are derived from scaling 
and translation of a single function that is 
called the mother wavelet (or analyzing 
function). The Wavelet transform gives a 
time-frequency representation of a signal 
that has two main advantages: (a) an optimal 
resolution both in the time and frequency 
domains; and (b) the lack of stationary 
nature of the signal5. WT is defined as the 
convolution between the signal X (t) and the 
wavelet functions ψa,b (t). 
   
W ψX (a, b) = ‹X (t) | ψ (a, b)(t)›         (4) 
 
Where ψ (a,b)(t) are dilated (contracted) and 
shifted versions of a unique wavelet function 
ψ (t) 

ψ (a,b) = |a|
-½ ψ (

a

bt −
)          (5) 

 
(a, b are the scale and translation 
parameters, respectively).The WT gives a 
decomposition of X (t) in different scales, 
tending to be maximum at those scales and 
time locations where the wavelet best 
resembles X (t). Moreover, Eq. (4) can be 
inverted, thus giving the reconstruction of X 
(t). The WT maps a signal of one 
independent variable t onto a function of two 
independent variables a, b. This procedure is 
redundant and not efficient for algorithmic 
implementations. In consequence, it is more 
practical to define the WT only at discrete 
scales a and discrete times b by choosing the 
set of parameters {aj = 2 –j; bj,k = 2-j k}, with 
integers j, k. 
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 Contracted versions of the wavelet 
function match the high frequency 
components of the original signal and on the 
other hand, the dilated versions match the 
low frequency oscillations. Then, by 
correlating the original signal with wavelet 
functions of different sizes we can obtain its 
details at different scales. These correlations 
with the different wavelet functions can be 
arranged in a hierarchical scheme called 
multi resolution decomposition. The multi 
resolution decomposition separates the 
signal into ‘details’ at different scales, the 
remaining part being a coarser representation 
of the signal called ‘approximation’. 
 In this study, mammogram images 
are decomposed into four levels. The 
decomposed image contains four scales of 
details (d1–d4) and an approximation (a4). 
The lower levels give the details 
corresponding to the high frequency 
components and the higher levels 
corresponding to the low frequencies. 
 After Discrete Wavelet Transfor-
mation (DWT) of the image, the detail 
coefficients can be threshold with different 
algorithms to reduce the noise that remains 
in the image. Then, the Inverse Discrete 
Wavelet transform (IDWT) is performed for 
reconstruction based on the threshold values 
of the detail coefficients computed by 
various algorithms explained below. The 
final approximation coefficient of the 
decomposition is kept unmodified during the 
reconstruction process.   
 

3.   DIFFERENT THRESHOLDING  
      ALGORITHMS 
 

A.  Level Dependent threshold algorithm1 
 

 In this algorithm, for each level say 
1 to N, apply threshold to the details 

coefficients. Coefficients below threshold T 
are attributed to noise and they are modified 
by subtracting the threshold value from the 
original coefficient value (soft- threshold). 
In practice soft threshold works better than 
hard threshold. Hence we used soft 
threshold, where threshold T is computed for 
each level j by 
 
Tj = j * log (max (dj))      (6) 

 
Where j =1, 2, …, N is the level of wavelet 
decomposition, d j is the corresponding 
detail coefficients1. 
 
B.  Adaptive Threshold Selection Using 
the Principle of SURE  
 
 In this method threshold is derived 
by minimizing Stein’s Unbiased Risk 
Estimate (SURE) depends on the shrinkage 
function and on the multiresolution level. 
The generalization to images can be 
achieved in either level- or sub band-
dependent manner. In this case, the threshold 
on sub band s is 
 

λs = arg λ≥0[SURE(λ,ws)]              (7) 
 

Where ws denote the detail coefficients from 
sub band s and SURE (λ, ws) denotes the 
corresponding Stein’s unbiased estimate of 
the risk corresponding to a specific 
shrinkage function5. 
 

C.   Level dependent visually calibrated  
       Adaptive Smoothing  
 

 Usually Visually calibrated 
Adaptive Smoothing1 method computes the 
threshold value on multiresolution images 
for smoothening the image content by using 
the following equation: 
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T = sqrt (2 * log (length (d)))                  (8) 
 

Where T is the threshold value and d is the 
detail coefficient of the decomposed image. 
We modified this equation on level 
dependent basis for better smoothing. So the 
threshold value is computed on the basis of 
length of the detail coefficient matrix of the 
decomposition of each level. So the equation 
is 

 
Tj = sqrt (j * log (length (dj))                   (9) 

 
where j =1, 2, …, N is the level of wavelet 
decomposition, d j is the corresponding 
detail coefficient. 
 
D.  Level independent visually calibrated  
     adaptive Smoothing    
 
 In this method we proposed to 
modify the threshold value T to be the length 
of the decomposed wavelet details 
coefficient of the image on each level. So 
the threshold value T is computes as 

 

Tj = sqrt (length (dj)                             (10) 
 

4.  BIT PLANE DECOMPOSITION 
 

 This is a novel method proposed on 
the basis that most of the unwanted noise 
lies on higher bit planes. Mammograms are 
normally 8/12 bit gray scale images. Higher 
bit planes of the morphologically filtered 
mammograms images decomposed by the 
wavelet will reduce the noise and hence 
enhance the image. The dataset used here is 
composed of 8 bits. So the gray value of 
each pixel of this image is 8-bit binary word. 
We applied wavelet decomposition onto the 
most significant bit planes of morpholo-

gically filtered image to produce better 
enhancement compared to morphologically 
filtered image. Threshold value is computed 
using Adaptive threshold selection using 
SURE shrink method. 
 
 
5.  QUANTITATIVE MEASUREMENTS  
     OF ENHANCED IMAGES 
 
 For evaluation of performance 
analysis of the proposed algorithm, we used 
the contrast improvement index (CII), which 
is defined as follows 
 

CII =
C
C

original

enhanced                                (11) 

 

Where, Cenhanced and Coriginal are the contrasts 
for the processed and original images 
respectively. The contrast C of an image is 
defined as 
 

C=
br

br

+
−

                                          (12) 

 

Where, r and b denote the mean gray-level 
value of the foreground and the background, 
respectively. The local contrast at each pixel 
is measured within its 15 × 15 pixel 
neighborhood. 
 
6.  RESULTS AND DISCUSSION 
 
 Datasets:-In this study we used a set 
of 322 mammographic images from the 
MIAS MiniMammographic database. The 
images in the sets are digitized at 50 micron 
pixel edge and have been reduced to 200 
micron pixel edge and clipped/padded so 
that every image is 1024x1024 pixels4. 
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Performance of different image enhancement
Methods measured using average CII index

Sl. 
M1 Top Hat 
M2 Wavelet Decomposition (Sure Shrink)
M3 Top Hat +Sure Shrink
M4 Top Hat +Level Dependent Wavelet Shrink
M5 Top Hat + Visual Shrink
M6 Top Hat +Level Dependent Visual Shrink
M7 Top Hat + Modified Level Independent
M8 Top Hat + Bit Plane Decomposition (up to 4

Figure 1: Performance of different image enhancement methods measure using average CII index.

 
We have implemented eight methods on 
above datasets. 
Method 1: Only top hat filtering
  2: Wavelet decomposition followed 
by threshold with Sure Shrink and inverse 
decomposition. 
 For methods 3 to 7, first top hat 
filtering is applied. This is followed by 
wavelet decomposition and thresho
with SURE shrink, Level dependent wavelet 
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TABLE-I 
Performance of different image enhancement 
Methods measured using average CII index 

 
Method Average CII Index

1.02762
Wavelet Decomposition (Sure Shrink) 1.16525
Top Hat +Sure Shrink 1.24294
Top Hat +Level Dependent Wavelet Shrink 1.20331
Top Hat + Visual Shrink 1.18645
Top Hat +Level Dependent Visual Shrink 1.18835
Top Hat + Modified Level Independent Visual Shrink 1.18517
Top Hat + Bit Plane Decomposition (up to 4th MSB) 1.06990

 

 
 

Figure 1: Performance of different image enhancement methods measure using average CII index.
 

We have implemented eight methods on the 

Method 1: Only top hat filtering 
2: Wavelet decomposition followed 

by threshold with Sure Shrink and inverse 

For methods 3 to 7, first top hat 
filtering is applied. This is followed by 
wavelet decomposition and thresholding 
with SURE shrink, Level dependent wavelet 

shrink, Visual shrink, Level dependent 
Visual shrink and Modified level 
independent. Finally the inverse wavelet 
transformation is applied to reconstruct the 
image. 
 
 In 8, first top hat filtering is applied.
Then wavelet transform is applied on most 
significant bit planes, followed by threshold 
with SURE shrink and inverse transform.

1) 

898) 

Average CII Index 
1.02762 
1.16525 
1.24294 
1.20331 
1.18645 
1.18835 
1.18517 
1.06990 

Figure 1: Performance of different image enhancement methods measure using average CII index. 

shrink, Visual shrink, Level dependent 
Visual shrink and Modified level 
independent. Finally the inverse wavelet 
transformation is applied to reconstruct the 

In 8, first top hat filtering is applied. 
Then wavelet transform is applied on most 
significant bit planes, followed by threshold 
with SURE shrink and inverse transform. 
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 The result obtained are given table-I. 
Figure 1 shows the variation of CII across 
methods. It is found that tophat filtering 
followed by SURE shrink outperform all 
other methods implemented in this paper 
with a CII value of 1.2429. The bit plane 
decomposition method [M8] gives relatively 
poor performance and hence worth for 
further investigation. 
 
7.  CONCLUSION 
 

 In this paper we implemented eight 
image enhancement algorithms which are 
based on top hat filtering and wavelet 
transform. Thresholding of decomposed 
images was carried out using SURE shrink, 
Level dependent Wavelet shrink, Visual 
shrink, level dependent Visual shrink and 
modified version of Visual shrink algorithms. 
Based on CII index, enhancement with 
tophat filtering and SURE shrink 
thresholding of wavelet coefficients found to 
give the best performance. The study has to 
be extended by incorporating other quality 
indexes/measures. Also a comparison with 
other latest methods needs to be 
investigated.  
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