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ABSTRACT 

 

Medical Ultrasound Imaging is a rapidly growing allied field of Imaging Technology which is widely used 

around the world for diagnosis by clinicians. Non ionizing radiation is what makes ultrasound imaging safe 

for non-invasive imaging of human tissues. However, visual quality of ultrasound images poses a challenge 

for the medical practitioner due to multiple reflections of ultrasound signals. Numerous attempts have been 

made previously to improve the visual quality of the ultrasound images. The paper presents a novel, 

structured visual quality improvement mechanism based on daubechies (db) wavelet transform. In the 

proposed methodology, the segmentation of the ultrasound medical image is carried out with the help of 

active contour technique. The segmented image and the original image are transformed into wavelet 

domain. Selected wavelet coefficients are combined to improve the visual quality in terms of contrast and 

edges enhancements. Visual quality enhancement is emphasized with experimentation on medical 

ultrasound images obtained from AMMA Hospital radiology scanning center in India. Usefulness of the 

proposed algorithm is judged against denoising algorithms such as empirical mode decomposition (EMD), 

linear filtering (LF), median filtering (MF), wiener filtering (WF), wavelet based hard and soft thresholding 

and wavelet block based soft and hard thresholding. Visual quality metrics computed are peak signal to 

noise ratio (PSNR), normalized cross correlation (NCC), edge strength (ES), image quality index (IQI) and 

structured similarity index (SSI). Simulations demonstrate that the proposed enhancement algorithm 

outperformed the existing de-noising algorithms, instigating for actual medical application. 

Keywords: Ultrasound Medical Imaging, Active Contour, Discrete Wavelet Transform, Image Fusion, 

Image Denoising. 

 

1. INTRODUCTION  

 

Ultrasound Imaging[1]-[3] has been in 

widespread use in medical analysis of late. This 

modality of medical imaging has become the most 

common imaging technique for diagnostic analysis 

due to the inherent feature of the noninvasiveness. 

Other advantages of Ultrasound imaging 

mechanism include low cost, portability and short 

time for generating images [4]-[6]. Research in this 

area has gained momentum in the recent past due to 

the fact that this imaging methodology is preferred 

by many a clinician/physician for diagnostic 

imaging though other high technology modalities 

such as Computed Tomography (CT) and Magnetic 

Resonance Imaging (MRI) are available. There is a 

growing interest among researchers to explore the 

usefulness of ultrasound imaging [7]-[9] in the low 

income countries as a commercially available 

premier diagnostics tool. In Ultrasound imaging the 

primary factor that is of concern is image quality 

[10]-[11]. The interpretation and analysis of 

ultrasound images is hampered seriously by the 

presence of dominant unwanted pixels called 

speckle. Numerous efforts are in place to augment 

these images for the purpose of getting legitimate 

and satisfactory information for diagnosis [12]-

[14].  
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In medical ultrasound imaging, a continual 

challenge that troubled many radiologists over the 

years is noise. Noise in ultrasound is integrated into 

the objects in the image making it difficult to obtain 

improved image quality for viewing [15]. De-

noising is often an indispensable preprocessing step 

to be performed before exploiting the acquired data 

[16]. The existence of speckle [17] in medical 

ultrasound images makes the interpretation and 

diagnosis an uphill task. Thus a large set of de-

speckling algorithms are proposed for analysis of 

ultrasound images.  

Spatial filters [18] reduce the effects of image 

noise by smoothing, resulting in a major side effect 

called blur. Various new algorithms were proposed 

using the concepts of partial differential equations 

and computational fluid dynamics such as level set 

methods, total variation methods [19], nonlinear 

isotropic and anisotropic diffusion which claim to 

preserve the image edges. Mixed algorithms which 

combine impulse removal filters with local adaptive 

filtering in the transform domain to remove not 

only white and mixed noise, but also their mixtures 

[18] [14] are proposed. To reduce noise in 

ultrasound medical images algorithms involving 

digital filters (FIR or IIR), adaptive filtering 

(wiener filter), linear filtering, and median filtering 

are proposed in literature extensively and 

effectively [20]-[21]. Recent literature shows the 

use of wavelet domain for effectively de-noising 

medical images [22]-[23]. Soft and hard 

thresholding has successfully been applied by many 

researchers to reduce noise in wavelet domain. 

Recently empirical mode decomposition (EMD) 

[24] algorithm reported accomplishing de-noising 

of natural images based on Delaunay triangulation 

and on piecewise cubic polynomial interpolation. 

This paper presents a different framework which 

exploits the inherent characteristic of Chen Vese 

(CV) active contour segmentation [25]-[26]. This is 

followed by implementation of de-noising the 

image in Discrete Wavelet Transform (DWT) [27] 

domain using a set of Daubechies wavelets (Harr, 

dbn and Sym) at 4 different levels of 

decomposition. Finally the image is subjected to 8 

different image fusion rules which results in an 

enhanced output de-noised image. Parameter 

estimation of the proposed technique is carried out 

on the basis of five parameters that help in judging 

the quality of de-noised images from literature.  

This paper is structured as follows. Section 2 

presents a brief background of CV Active Contour 

technique based Segmentation along discrete 

wavelet transform based fusion algorithm for de-

noising. Section 3 presents the proposed approach 

for ultrasound medical image enhancements. 

Section 4 presents the experimental observations 

and the results of the algorithm for verification. 

Finally, Section 5 concludes the paper with 

discussion. 

2. BACKGROUND 

 

2.1 Active Contours 

 

Active contours are measurable curves that are 

used exclusively by image processing research 

community to extract object boundaries. Active 

contours come under a category of model based 

segmentation methods [28]-[30]. The fundamental 

design behind the active contours is the movement 

of a predefined contour within the domain of the 

image. Image domain is defined by the boundaries 

of objects in that particular image. Contour 

movement in the image domain is controlled by a 

parameter called energy function. The active 

contours model was first introduced by 

Terzopoulos [31]. Earlier models of active contours 

are prone to topological disturbances and are 

extremely susceptible to initial conditions. 

However with the development of level sets [26] 

topological changes in the objects of the image are 

involuntarily handled. Nevertheless all active 

contours depend on the gradient of the image for 

ending the growth of the curve. 

 

2.2 Global Region Based Segmentation –The 

Chan Vese Model 

 

Chan-Vese (CV) [26] active contour model 

discovers a contour 2: DΘ →ℜ defined on image 

space D consisting of a set of positive real numbers. 

The discovered contour optimally approximates the 

objects in a gray scale image 2:xyI D →ℜ to a 

single real gray value ( )IΦ on the inside of the 

contour Θand another single gray level value 
( )EΦ on the outside of the contour Θ . The basic 

idea of CV Active model is to find an optimal 

contour that fits the object boundaries. Alongside 

the best contour, the solution should also find a pair 

of optimal gray scale values ( )( ) ( ),F I EΦ = Φ Φ  

that discriminates object pixels from background 

pixels. 

Mathematically the Chan-Vese active contour is 

formulated as an energy minimization problem 
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( ), min ( , )cv F F cvE E
Φ

Θ Φ = Θ Φ        (1) 

Where, FΘ is the final contour shape to be 

discovered and Θ is the initial contour chosen. The 

energy function or force function formulated by CV 

active contour model is minimized using piece wise 

linear Mumford-Shah [32] function which estimates 

the pixel values of a gray scale image xyI by a 

linear piece wise smooth contourΘ .  

The minimization problem is solved using the 

level set model [26] and is formulated in terms of 

level set function
xyΘ as 

( )
( ) ( )

( ) ( ) ( ) 2
2

, ,
int( )

( ) 2
1

( )

( , , ) min ( )

( ) (1 ( )) ( )

I E

cv I E xy I xy

xy E xy xy

ext

E I

I dxdy dxdy

χ

χ

ΘΦ Φ
Θ

Θ Θ


ΘΦ Φ = −Φ Θ



+ −Φ − Θ + ∇ Θ


∫∫

∫∫ ∫

h

h h

         

(2) 

where, ( )Θh is Heaviside function. This 

minimization problem is solved by using Euler-

Lagrange [26] equations and the level set function 

( ),x yΘ is updated iteratively by the gradient 

descent method as formulated below. 

( ) 2 ( ) 2
1( )(( ) ( ) .

xy
t xy I xy E

xy
I Iδ χ

∇Θ
Θ =− Θ −Φ − −Φ − ∇

∇Θ
   

(3) 

Where x and y denote the locations of pixels in 

the image. ( )δ Θ is the delta function and 

( )IΦ and ( )EΦ are updated iteratively using the 

equations 
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xy xy

I

xy

I dxdy
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Θ
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E
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− Θ

∫∫

∫∫
         (5)               

The segmented ultrasound image contains the 

details of the object of interest (OOI) in a noisy 

image. We propose to fuse the ooi segments 

holding the edges of the original objects to improve 

the visual quality of ultrasound images. 

2.3 DWT Based Fusion 

 

CV active contour model provides as excellent  

framework for segmentation in ultrasound 

images under the influence of noise [26]. Though 

the segmentation using CV active contour is good, 

the visual quality is far from appealing to a normal 

human eye. Hence an attempt is being made in this 

paper to improve the visual quality of an ultrasound 

image by decreasing noise from the original image 

along with edge enhancement. For this purpose 2D 

discrete wavelet transform based fusion rules are 

used. In literature quite a number [33]-[34] of 

fusion rules are proposed by researchers. From 

them we attempt eight rules for our 

experimentation.  

Image fusion processes blend two different sets 

of images by extracting information that is 

distinctive to a particular image, there by producing 

an improved image. Wavelet based medical image 

fusion has gained popularity in the recent past. In 

wavelet based fusion two images having unique 

properties are transformed using time frequency 

scaling of wavelet transform individually. Each 

image transformation produces four coefficients at 

assumed level 1, known as approximate coefficients 

and detailed coefficients. Different fusion rules on 

these transform coefficients such as max-min, max-

max etc are applied. For example in min-min rule, 

minimum of approximate coefficients and 

minimum of detailed coefficients are preserved and 

2D transformation model is created. Finally by 

applying 2D inverse transformation in wavelet 

domain fabricates into an enhanced fused image. 

Ten fusion rules namely {min-min, min-max, max-

min, max-max, mean-mean, approx-scaling, 

approx-col- col% , differential   thresholding, 

aus-mind, min-dus} are applied for de-noising and 

enhancing edges for improving the visual quality of 

medical ultrasound images. From the applied ten, 

two fusion rules stand out in providing quality 

images after reconstruction. Minimum -minimum 

fusion rule where approximate coefficients of 

original ultrasound are fused with minimum of 

details accordingly. 

2D DWT of 
xy
MI produces approximate 

coefficients 
A

MW
ψ and detailed coefficients 

,
H V

M MW W
ψ ψ and

D

MW
ψ . Similarly for CV 

segmented ultrasound image 
xy
SI 2D DWT 

generates 
A

SW
ψ and detailed coefficients 

,
H V

S SW W
ψ ψ and

D

SW
ψ . The min-min fusion rule 

says select the minimum values from approximate 

coefficients and minimum values from detailed 

coefficients. Mathematically 
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min( , )
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                      (6) 

Figure 1 explicates min-min fusion rule using 

multiresolution wavelet transform. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3. METHODOLOGY 

 

To evaluate the proposed method, we use Chan 

Vese  (CV) active contour model followed by 

DWT for multilevel medical image fusion. The 

general image fusion scheme using DWT is shown 

in Fig. 2. 

The original Ultrasound Image is subjected to 2D 

DWT and the corresponding wavelet coefficients 

are obtained. The next step of the proposed 

technique is to apply the active contour on an 

ultrasound medical image to segment region of 

interest (ROI) sections of the image. Then the 

active contour segmented ultrasound image is also 

subjected to 2D DWT and the corresponding 

wavelet coefficients are obtained. The 2D DWT 

wavelet coefficients are computed for 8 different 

wavelets namely, Haar, db2, db4, db6, sym3, sym5, 

sym7and sym9 for 4 levels of decomposition. Once 

images are decomposed using DWT and wavelet 

coefficients are obtained, we have to select an 

appropriate fusion rule to combine wavelet 

coefficients of source images. 

The 10 different fusion rules are formulated for 

carrying out the mixing of the original ultrasound 

and segmented ultrasound images. Inverse DWT is 

computed for the fused image for reconstructing the 

de-noised image. Improvement in quality is 

assessed by visually observing the images and their 

profiles before and after enhancement process.  

Quantitative measurements such as signal to mean 

square error (SSME), peak signal to noise ratio 

(PSNR), normalized cross correlation (NCC), 

image quality index (IQI) and structured similarity 

index (SSI) are computed between original and 

improved ultrasound images. 

Experiments were conducted using 10 fusion 

rules with 8 different wavelets at 4 different levels. 

The best two fusion methods using a particular 

mother wavelet at a suitable level are presented 

here. 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

The proposed algorithm is applied on different 

ultrasound medical images converted to TIFF 

format. The step-wise sequence of the proposed 

mechanism is as follows:  

 

Proposed Algorithm: Ultra Sound Medical Image 

De-noising 

S1: Segment Ultrasound medical image using 

Chan Vese  Active Contour model
xy
SI .  

S2: Save the Segmented image in 
xy
SI . 

S3: Compute 2D discrete wavelet transform 

using fast filter bank approach on the original 

ultrasound medical image
xy
MI resulting in wavelet 

coefficients , , ,
A H V D

M M M MW W W W
ψ ψ ψ ψ  

S4: Calculate fast 2D wavelet transform for 

active contour segmented ultrasound image
xy
SI  

followed by following wavelet coefficients  

, , ,
A H V D

S S S SW W W W
ψ ψ ψ ψ  

S5: Use eight different mother wavelets to 

compute 2D DWT-{Haar, db2, 

db4,db6,sym3,sym5,sym7,sym9}. 

 
Figure.1. Min-Min Fusion Rule. 

  
Figure.2. (a) Original ultrasound image of a 10 week 

old fetus (b) de-noised image using linear filtering (c) 

active contour based segmented proposed algorithm 

using edge restore Ultrasound Medical Image. 
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S6: Formulate fusion rules to mix the wavelet 

coefficients to extract better coefficients from the 

two medical ultrasound images. 

S7: Ten fusion rules formulated as {min-min, 

min-max, max-min, max-max, mean-mean, approx-

scaling, approx-col- col% , aus-mind, min-dus and 

differential thresholding}. 

S8: Compute 2D Inverse DWT to reconstruct the 

fused de-noised image. 

S9: Calculate parameters to assess the strength of 

the output de-noised US medical image. 

 

4. EXPERIMENTAL OBSERVATIONS AND 

RESULTS  

 

Experiments are performed using different 

wavelets at various levels with multiple fusion 

rules. Experimental simulations for all the 

combinations of wavelets, their decomposition 

levels and fusion rules were conducted. Three types 

of images are chosen to perform the experiments 

which are obtained from radiology lab at AMMA 

Hospitals, Vijayawada. They are ultrasound images 

of fetus at various times of a pregnant woman 

obtained with Phillips sonographic machine at 

42Hz, 13cm display as shown in Fig. 3(a)-(c).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Each image is first resized to a standard resolution 

of 256 256× from their original resolutions. Eight 

different mother wavelets namely ‘haar’ or ‘db1’, 

‘db2’, ‘db4’, ‘db6’, ‘sym3’, ‘sym5’, ‘sym7’, ‘sym9’ 

belonging to orthogonal family of daubechies(db) 

and symlets(sym) are tested. Four levels of 

decomposition are tested.  Level-2 with db2 wavelet 

with min-min and approximate ultrasound image 

mixed with minimum details of its own segments 

provided the best results. 

Chan-Vese (CV) active contour is an image 

object boundary based segmentation algorithm. It 

segments the ultrasound medical image to extract 

portions of the image that have edge boundaries. It 

is observed that segmentation by CV removes noise 

nicely but degrades information to maintain visual 

quality.  

The CV active contour model applied to our test 

images Fig. 3(a) of a pregnant woman with 

superimposed contours of radius 9 mm and its 

corresponding segmentation of the ultrasound 

image is shown in Fig. 4. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Final ultrasound segmented image reveals 

considerably fewer details visually but produces 

good object boundary. These boundaries play a 

vital role for the doctors to pin point the location of 

problems on the parts of the image. But when 

shown to doctors at the same hospital they were 

found to be uninterested in looking at the 

segmented image. Hence a model was proposed 

and developed to reduce speckle and improve the 

edge or boundary of the objects in the image. The 

speckle is reduced using multiresolution filter bank 

in wavelets and the boundary or edge strength of 

objects in the image is improved with fusion 

process.  

Experimental simulations of the proposed 

algorithm were carried out on an Intel I3 machine 

with a 3GB RAM. Fig. 5 shows our proposed 

ultrasound medical image improvement algorithm 

output compared with regularly used de-noising 

algorithms for ultrasound image enhancement. The 

following algorithms are used for comparison: 

 
Figure.3. (A)-(C). Test Images Use For 

Experimentation From Phillips Sonographic 

Machine At AMMA Hospitals Radiology Lab At 

Vijayawada, India Of A Ten Week Old Pregnant 

Woman. 

Figure. 4.Segmentation Of 10 Weeks Pregnant Woman 

Using CV Active Contour Model. 
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empirical mode decomposition (EMD), linear 

filtering (LF), median filtering (MF), wiener 

filtering (WF), wavelet based hard thresholding 

(WHT) and soft thresholding (WST) and wavelet 

block based soft(wbst) and hard 

thresholding(wbht). Fig. 5 shows response to the 

test ultrasound image in Fig. 3(a). 

Observations from Fig. 5 clearly show the 

superiority of our proposed method with the rest of 

the enhancement algorithms. Comparing visually 

the improved images with Fig. 5(b), (c) and (d), the 

proposed algorithm outperforms in terms of image 

edge quality. Liner filter, median filter and wiener 

filter as shown in Fig. 5(b), (c) and (d) are 

implemented with a 3×3 window filter. Empirical 

mode decomposition (EMD) based denoising has 

superior denoising characteristics as proposed in 

[24]. EMD algorithm decomposes any input data 

using maxima and minima derived from the data 

itself. Then bspline interpolation is used to connect 

these values to create a string of oscillating 

components called intrinsic mode functions (IMF). 

Fig. 5(e) shows emd filtered ultrasound image with 

lost object information. Medical images have too 

many maxima and minima with sudden transitions 

resulting in deprived performance of EMD fitter. 

Soft and hard thresholding of wavelet coefficients 

did show significant improvements to the image. 

But the biggest drawback of thresholding methods 

is choosing the right threshold value. Hard 

thresholding is the simplest form of thresholding 

where the threshold value is chosen by the user. 

Hard thresholding is applied on the detailed 

coefficients using the formulation 

( , )   if ( , )
( , )

0             if ( , )  

L
m

D i j D i j
D i j

D i j

ξ
ξ

 >
= 

≤
             (7)          

Where ( , )mD i j are the modified or thresholded 

coefficients at level L at location (i,j). Hard 

threshold max(max( )L
L D

M
ξ = . 

Soft thresholding is computed on detailed 

coefficients of wavelet transformed ultrasound 

medical image using the following expression 

   
( )sgn ( , ) ( ( , ) )     if ( , )

( , )

0                                               if ( , )

L L

L
m

D i j D i j D i j
D i j

D i j

ξ ξ

ξ

 × − >
=
 ≤

 (8)           

Where sgn() is a signum function. Where 

( , )mD i j are the modified or thresholded 

coefficients at level L at location (i,j). ξ is the hard 

threshold value. Fig. 5(f) and (g) show soft and 

hard thresholding algorithms respectively. Each 

3×3 block of detailed wavelet coefficients are 

modified using equations (7) and (8) resulting in a 

block based soft and hard thresholding algorithms 

as shown in Fig. 5(h) and (i). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Further testing is initiated on ultrasound images 

of Fig. 3(b) and 3(c). The responses of various 

algorithms along with the proposed method are 

recorded in Fig. 6 and Fig. 7 respectively.  

Quantitative analysis with the help of image 

quality metrics is calculated using peak signal to 

noise ratio (PSNR), normalized cross correlation 

(NCC), edge strength(ES), image quality index 

(IQI) and structured similarity index (SSI) [35]-

[37]. Table 1 formulates these values for the test 

ultrasound image in Fig. 3(a). The values in the last 

two rows indicate the robustness of the proposed 

method when compared to other commonly used 

algorithms. 

Fig. 8 shows plot of PSNR (db) for various 

ultrasound image improvement algorithms. From 

the plot it becomes obvious that the proposed 

 
Figure.5. (a) Original ultrasound fetus images (b) 

Linear filter(LF),(c) median filter(MF), (d) wiener 

filter(WF) (e) EMD filter, (f) wavelet soft 

thresholding(WST), (g) wavelet hard 

thresholding(WHT), (h) Wavelet block soft 

thresholding (WBST), (i) wavelet block hard 

thresholding(WBHT) (j) Proposed active contour 

edge template with wavelet based min-min fusion, (k) 

proposed active contour edge template with wavelet 

based original ultrasound and minimum of wavelet 

details of template and original image. 
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wavelet fusion methods show a remarkable 

improvement in the ultrasound image quality.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Table. I. Quality metrics for various ultrasound image 

improvement algorithms for image in Fig. 3(a). 

Improvement 

Algorithm 

PSNR(db) NCC ES IQI SSI 

lf 22.580 0.796 0.646 0.631 0.657 

mf 24.680 0.760 0.644 0.609 0.637 

wf 25.900 0.810 0.677 0.632 0.648 

emd 26.170 0.616 0.441 0.417 0.409 

wst 24.190 0.838 0.689 0.711 0.672 

wht 23.550 0.818 0.656 0.682 0.634 

wbst 28.270 0.898 0.699 0.701 0.711 

wbht 27.940 0.869 0.681 0.698 0.687 

proposed(min-

min fusion) 

34.310 0.923 0.744 0.757 0.723 

proposed(ous-
min fusion) 

36.890 0.953 0.782 0.772 0.758 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

     

 

 

Fig. 9 indicates the remaining image quality 

metric values of various improvement algorithms 

against the proposed algorithm. These values are 

for ultrasound test image in Fig. 3(a). Values 

slightly differ for test images Fig. 3(b) and Fig. 

3(c).  PSNR for the proposed algorithm using min-

min fusion rule is around 30db and for approximate 

original and details minimum is around 29db. 

These values indicate the novelty of the proposed 

method against the remaining algorithms. Similarly 

NCC is around 0.952 which is a good measure 

compared to other methods. Edge visibility in 

denoised ultrasound images is very weak. This edge 

strength measured for objects in the image is high 

for the proposed algorithms which are around 

0.766. IQI and SSIM are two quality metrics 

proposed to measure the structured quality of the 

processed images. From the plot it can be observed 

these values are high compared to other algorithms. 

Max values of NCC, ES, IQI and SSIM are 1. Fig. 

 
Figure. 6.(a) Original ultrasound fetus image from 

Fig. 3(b) (b) Linear filter(LF),(c) median filter(MF), 

(d) Wiener filter(WF) (e) EMD filter, (f) wavelet soft 

thresholding(WST), (g) wavelet hard thresholding 

(WHT) , (h) Wavelet block soft thresholding (WBST), 

(i) wavelet block hard thresholding(WBHT) (j) 

Proposed active contour edge template with wavelet 

based min-min fusion, (k) proposed active contour 

edge template with wavelet based original ultrasound 

and minimum of wavelet details of template and 

original image. 

 
Figure. 7.(a) Original ultrasound fetus image from 

Fig. 3(c) (b) Linear filter(LF),(c) median filter(MF), 

(d) Wiener filter(WF) (e) EMD filter, (f) wavelet soft 

thresholding(WST), (g) wavelet hard thresholding 

(WHT), (h) wavelet block soft thresholding (WBST), 

(i) wavelet block hard thresholding(WBHT) (j) 

Proposed active contour edge template with wavelet 

based min-min fusion, (k) proposed active contour 

edge template with wavelet based original ultrasound 

and minimum of wavelet details of template and 

original image. 
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10 compares PSNR (db) values for the three test 

images in Fig. 3. Little change can be observed in 

values from Fig. 3(c) from the previous two due a 

small change in contrast in the last image. But the 

PSNR values are within acceptable range for the 

proposed algorithm. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

5. CONCLUSION 

 

We have presented a technique for de-noising an 

ultrasound medical image and improve its visual 

features. Improvement in visual quality was 

accomplished using a novel wavelet based fusion 

algorithm which preserves boundary edges 

emulated from the active contour segmented 

ultrasound image. After experimentation with these 

methods it was found that min-min and aus-mind 

fusion rules suppress noise exceptionally well and 

retain edge features of the ultrasound objects in the 

image. Quality metrics computed suggest that the 

proposed algorithm has shown significant 

improvement to ultrasound image quality compared 

to previously proposed methods. Doctors at 

radiology department at AMMA Hospitals, 

Vijayawada were impressed by the results. By 

using the processed images their diagnostics time 

was reduced by 40%, which was measured with 

unprocessed and improved ultrasound images. 
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