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Summary 

Despite many obvious advantages, the usefulness of medical ultrasound imaging is at 

times limited by its low image quality, and speckle is one of the main reasons for this 

low quality. Speckle affects human interpretation of ultrasound images and the 

accuracy of computer-assisted diagnosis. In the past two decades, extensive research 

has been done on speckle suppression without degrading clinically useful information 

in ultrasound images. However, the state-of-the-art speckle reduction techniques have 

limited capability in preserving important image features and details. In this thesis, an 

effective speckle reduction algorithm, i.e., Laplacian pyramid based nonlinear diffusion 

(LPND), is proposed. The novelty of the proposed algorithm lies in extending the 

conventional single-scale nonlinear diffusion to a multiscale framework, i.e., Laplacian 

pyramid. A variation of median absolute deviation is used to automatically determine 

the gradient threshold, which greatly affects the performance of nonlinear diffusion. 

From simulation and phantom studies, an average gain of 1.55 dB and 1.34 dB in 

contrast-to-noise ratio (CNR) were obtained compared with recently-developed speckle 

reducing anisotropic diffusion (SRAD) and nonlinear coherent diffusion (NCD), 

respectively. The visual comparison of despeckled in vivo ultrasound images from liver 

and carotid artery also demonstrates that the proposed LPND method effectively 

suppresses speckles as well as preserves edges and detailed structures. To further 

enhance fuzzy boundaries in ultrasound images, Laplacian pyramid based nonlinear 

diffusion and shock filter (LPNDSF) is proposed. The proposed LPNDSF has 

demonstrated its ability to sharpen image edges and suppress speckle simultaneously. 

Apart from giving clinicians clearer and more refined ultrasound images, LPNDSF may 

be used to improve the performance of computer-assisted diagnosis such as automatic 

segmentation and boundary detection. 
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Chapter 1    Introduction 

 

1.1    Motivations 

 

Ultrasound imaging is based on interrogation of tissue with high frequency focused 

sound waves [55]. Compared with other medical imaging modalities, such as magnetic 

resonance imaging (MRI), computed tomography (CT), X-ray, and positron emission 

tomography (PET), ultrasound imaging has several favorable properties. It is non-

invasive, non-ionizing, and safe for both patients and doctors. It is relatively 

inexpensive and portable. It provides soft tissue imaging, where conventional X-ray 

techniques have difficulties in showing details. Furthermore, because ultrasound 

images can be produced in real time, it allows imaging of dynamic structures such as 

the beating heart. 

 

The main disadvantage of ultrasound imaging is its low image quality. The presence of 

speckle is one of the main reasons for this low image quality. Speckle is a granular 

pattern formed by constructive and destructive coherent interference of backscattered 

echoes from the scatterers that are typically much smaller than the spatial resolution in 

medical ultrasound systems (i.e., wavelength of an ultrasound wave) [11]. Speckle is a 

phenomenon common to many coherent imaging systems, such as synthetic aperture 

radar (SAR) imaging and laser holography. The speckle pattern generated in medical 

ultrasound imaging depends on the structure of the tissue and the frequency and 

geometry of the ultrasound transducer amongst others.  
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Because of its dependence on the microstructure of tissue parenchyma, for some 

clinical applications, speckle is used for diagnosis, e.g., the evaluation of diffuse liver 

diseases [37]. However, speckle is typically regarded as noise since it significantly 

reduces the image contrast and spatial resolution, resulting in the degradation in human 

interpretation of the images and the accuracy of computer-assisted diagnosis. For 

example, boundary detection and image segmentation are commonly applied to 

evaluate amniotic fluid volume in obstetrics, to quantify the volume of left ventricle in 

echocardiography, to detect prostate boundaries in prostate cancer treatment, and etc. 

Applying speckle reduction before boundary detection and image segmentation can 

improve the performance of these automatic image analysis techniques. Therefore, 

reducing speckle is an important preprocessing step for many ultrasound image analysis 

tasks, such as feature extraction, segmentation, classification, and quantitative 

measurements. 

 

In the last two decades, various speckle reduction techniques have been reported in the 

literature, including compounding, nonlinear spatial filters, and multiscale (e.g., 

wavelet and pyramid) methods. Although some methods achieve encouraging results, 

each of them has its limitations when applied for ultrasound imaging. Present speckle 

reduction techniques have difficulty in preserving important image features and details 

while suppressing speckle in ultrasound images. Thus, a technique that can sufficiently 

remove the speckle and simultaneously maintain the clinically useful features is still in 

need. 

 

In ultrasound imaging, another challenge is to obtain a sharper image from a blurred 

one. Apart from making it easier for clinicians to make diagnosis observing the image, 

a sharp image is also needed for subsequent computer-assisted diagnosis like boundary 
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detection and image segmentation. It may not be difficult for the human eyes to 

recognize and interpret the blurred edges, but it is unsuitable for computer analysis.  

 

Image restoration methods have been investigated widely to recover clinically 

important details that appear blurred in ultrasound images. Much work has been done 

on deconvolution techniques, in which an ultrasound image is assumed to be linearly 

degraded by a convolution with a blurring kernel that is known a priori. A simple 

solution is the linear Wiener filter, which is optimal in the sense of mean square error 

(MSE). When the convolution kernel is unknown, blind deconvolution techniques are 

adopted. With this kind of techniques, a two dimensional (2D) radio frequency (RF) 

ultrasound image is considered to be the convolution of a 2D point spread function 

(PSF) of the ultrasound system with a 2D underlying echographic map that represents 

the overall reflection from the imaged tissue [60]. Given an acquired ultrasound image, 

deconvolution techniques perform either concurrent or consecutive estimation of the 

PSF of the ultrasound system and a sharpened image. The most important and difficult 

problem is the estimation of the PSF, and its accuracy will affect greatly the 

performance of these deconvolution techniques. 

 

Another image deblurring strategy is to find a general sharpening operator that is not 

based on any assumption of the blurring kernel. Unsharp masking is a kind of classical 

techniques for image sharpening. With this kind of techniques, an input image is 

blurred first and its difference from the input image is multiplied by a certain weight 

before being added back to the input image. However, the unsharp masking methods 

may amplify noise, especially in ultrasound images where signal-dependent noise like 

speckle exists. 
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1.2    Objectives 

The objective of this project is to research into existing speckle reduction and feature 

enhancement methods for medical ultrasound imaging and to develop an algorithm that 

reduces speckle and enhances key features at the same time to aid clinical diagnosis. 

 

The limitation of existing speckle reduction and feature enhancement methods used in 

ultrasound imaging may be due to their single-scale representation of an image. A 

multiscale transform such as wavelet or pyramid represents an image at multiple scales, 

and has shown promising results for noise reduction and image enhancement. By 

representing an image using a certain multiscale transform, useful signal component 

and noise can be separated more easily, and they can be treated differently to get 

desired noise reduction and feature enhancement effects. 

 

The research in this thesis is motivated by the promise of multiscale representations and 

the need to improve the image quality of ultrasound imaging systems. The major goal 

of this research is to develop reliable techniques for speckle reduction and edge 

enhancement in ultrasound imaging.  

 

In this thesis, a novel speckle reduction method and a novel edge enhancement method 

for ultrasound imaging are proposed. The proposed speckle reduction method can 

improve the contrast-to-noise ratio (CNR) by suppressing speckle effectively while 

preserving important features and details in ultrasound images. The proposed edge 

enhancement method can achieve edge enhancement and speckle reduction 

simultaneously.  
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1.3    Major Contribution of the Thesis 

The major contribution of this research is to the field of ultrasound imaging through the 

development of image enhancement methods. Particularly, the research in this thesis 

makes the following contributions. 

 

A novel speckle reduction algorithm, which applies nonlinear diffusion filtering in 

Laplacian pyramid domain of an image, has been proposed. The conventional single-

scale nonlinear diffusion is extended to a multiscale framework, i.e., Laplacian 

pyramid. A formula is given to automatically estimate the optimal value of the gradient 

threshold, which is one of the most important parameters to control the nonlinear 

diffusion and conventionally set by experience. Extensive experiments have shown that 

the proposed algorithm performs better than the state-of-the-art speckle reduction 

techniques on simulated, phantom, and several clinical ultrasound images, both 

quantitatively and qualitatively. 

 

A novel simultaneous speckle reduction and edge enhancement algorithm has also been 

developed. This algorithm has the ability to tackle two challenging tasks: suppressing 

speckle effectively without damaging useful information and enhancing edges without 

amplifying speckle noise, which are nearly impossible to be achieved simultaneously 

by present speckle reduction and image enhancement algorithms.  

 

The work presented in this thesis has resulted in two invention disclosures and two 

international journal papers, as listed in “Author’s Publications”. 
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1.4    Organization of the Thesis 

After this introductory Chapter, Chapter 2 begins with a brief introduction to the 

statistics of ultrasound speckle, before presenting the detailed survey of existing 

speckle reduction methods. Their individual basic idea, advantages and disadvantages 

are introduced. By analyzing these methods, some characteristics of desired speckle 

reduction and edge enhancement algorithms are identified. In Chapter 3, pyramid 

transforms and the fundamental properties of filtering in the pyramid domain are 

introduced. They set the foundation for the proposed speckle reduction and edge 

enhancement methods, both of which are based on a particular pyramid transform, i.e., 

Laplacian pyramid. In Chapter 4, a novel speckle reduction method is proposed. 

Comparisons with other speckle reduction techniques are given to validate the 

superiority of the proposed method. Both quantitative and qualitative results from 

simulation, phantom, and in vivo studies are presented and discussed. Chapter 5 

describes the proposed simultaneous speckle reduction and edge enhancement 

algorithm. In both Chapter 4 and Chapter 5, statistical results from hypothesis tests are 

given to compare the performance of the proposed methods with that of other speckle 

reduction methods, including the recently proposed speckle reducing anisotropic 

diffusion (SRAD) and nonlinear coherent diffusion (NCD). Chapter 6 concludes this 

thesis and gives some possible future directions to work on. 
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Chapter 2    Review of Speckle Reduction Techniques 

2.1 Statistics of Speckle 

2.1.1 Statistical Models of Backscattered Ultrasound Signals 

The fine structure of ultrasound images has a mottled or granular appearance that has 

been called speckle because of its similarity to the equivalent optical phenomenon, 

laser speckle. The speckle results directly from the use of a coherent radiation for 

imaging [11]. It appears as brightness variations in an image and conceals fine details, 

affecting human interpretation of the images and the accuracy of computer-assisted 

diagnosis.  

 

Backscattered ultrasound signals can be modeled as the sum of contributions from 

individual scatterers within one resolution cell. Thus, the statistical distribution of the 

backscattered ultrasound signal is related to the number of scatterers per resolution cell 

and their arrangement within the resolution cell. Analysis of this statistical distribution 

may be used for various applications, including speckle reduction. 

 

The RF signal or the envelope of the backscattered echo signal has been studied 

extensively for their statistical properties [25, 26, 69, 70, 76]. The B-mode medical 

ultrasound imaging systems use the envelope signal to display, because most 

information such as the location and amplitude of backscatter is present in the envelope 

signal and the phase is a uniform random function under normal conditions of 

scattering. In the envelope signal, the nature of speckle pattern can be categorized into 

one of three classes according to the number of scatterers in one resolution cell (i.e., the 

smallest detectable structure), their spatial distributions and the characteristics of the 
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imaging system. The three classes are described briefly as follows. Their details can be 

found in [25].  

 

The first class of speckle noise is fully developed (or formed) speckle, which occurs 

when there is a large number of randomly located scatterers within small scatter 

spacing compared to the wavelength of ultrasound and thus the scatterer density is 

above 10 scatterers per resolution cell. In this case, the amplitude of the backscattered 

signal can be modeled by Rayleigh distribution with a constant signal-to-noise-ratio 

(SNR) of 1.92. This SNR level can be used to detect fully developed speckle. Blood 

cells are typical examples of this type of scatterers. The Rayleigh distribution model 

requires a high scatterer density (i.e., larger than 10 scatterers per resolution cell) and a 

large number of spatially uniformly distributed scatterers, which are seldom satisfied in 

real situations. Normally, the scatterer density is smaller or there is a coherent 

component present in the envelope signal.  

 

In the second class, an additional non-random coherent structure is present in the 

envelope signal, which may arise because of unresolved periodically located scatterers 

or strong specular scattering, the probability density function (PDF) of the 

backscattered signal becomes close to Rician distribution. In this situation, the SNR is 

above 1.92 and increases linearly with the coherent component of the signal for large 

coherent component level. Therefore in the case of high scatterer density, SNR is a 

good indicator for estimating the coherent component level in the envelope signal. 

Examples of this type of scatterers include organ surfaces and blood vessels.  

 

The above two speckle patterns assume that each resolution cell contains a large 

number of scatterers and that the scatterers’ positions and scattering strengths are 
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independent of each other. However, these assumptions are seldom met exactly. In 

general, the scatterer density may not be that large or the scatterers may be correlated, 

so the effective number of scatterers is finite and the scatterer density is normally below 

10 scatterers per resolution cell. A more general distribution known as the K 

distribution has been proposed to model this situation. In this case, speckle is partially 

developed, and the SNR becomes smaller than 1.91 and decreases with the scatterer 

density.  

 

Other distribution models have also been proposed, such as the homodyned K 

distribution [26], the generalized K distribution [69], and the Nakagami distribution 

(together with phase analysis) [70]. These distribution models encompass two or all the 

three distributions described above, i.e., Rayleigh, Rican, and K distributions, and 

approximate them under various limiting cases.  

2.1.2 Speckle After Logarithmic Compression in Real Ultrasound Machines 

In a real medical ultrasound system, the envelope signal is subject to several 

transformations that change its statistics. The most important transformation is the 

logarithmic compression, which is executed to reduce the large dynamic range of the 

envelope signal to match the lower dynamic range of the display device. For example, 

the envelope signal may have a dynamic range of 50-70 dB, while the dynamic range of 

a typical display device would be 20-30 dB. This log-compression and some other 

signal processing stages inside the scanner such as lowpass filtering and interpolation 

modify the statistics of the envelope signal. Thus Rayleigh, Rician, and K distributions 

described above cannot be used directly to model the signal after log-compression.  
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One way to overcome this problem is to decompress the signal if the compression 

parameters are known. Some medical ultrasound machines provide information of the 

compression parameters. If the dynamic range of the input and that of the output are 

known, the compression parameter can be estimated, and thus the log-compressed 

signal can be decompressed to get back the envelope signal. A better solution would be 

to derive statistical models of the compressed signal. Such statistical models can be 

used to develop speckle reduction filters that work on the log-compressed signal and 

can be used directly on final displayed images. The distribution of log-compressed fully 

developed speckle can be modeled by Fish-Tippet density function [38]. For log-

compressed partial developed speckle, it is difficult to derive a closed form expression. 

But in general, the statistics of log-compressed speckle can be approximated by the 

combination of a Gaussian and a long-tailed outlier producing distribution [84].  

 

In the envelope signal, which is the output of the beamformer and prior to the log-

compression in an ultrasound imaging system, speckle noise is generally modeled [36] 

by the following equation 

                                            ( ) ( ) ( ) ( )yxyxyxgyxf am ,,,, ηη +=                                 (2.1) 

where ( )yxg ,  is a noise-free original image which is to be recovered, ( )yxf ,  is a 

noisy observation of ( )yxg , , ( )yxm ,η  and ( )yxa ,η  are multiplicative and additive 

noise respectively, x  and y  are the spatial locations, and ( ) 2, Ryx ∈ .  

 

Normally, the effect of additive noise (such as sensor noise) is considerably smaller 

than the multiplicative noise, i.e., ( ) ( ) ( ) 22 ,,, yxyxgyx ma ηη << . Thus (2.1) can be 

approximated by 

                                                    ( ) ( ) ( )yxyxgyxf m ,,, η=                                         (2.2) 
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A log-transform on both sides will separate the noise term ( )yxm ,η  from the signal 

( )yxg , : 

                                      ( )( ) ( )( ) ( )( )yxyxgyxf m ,log,log,log η+=                            (2.3) 

or  

                                            ( ) ( ) ( )yxyxgyxf m ,,, logloglog η+=                                  (2.4) 

Using uniform sampling, the discrete version of (2.4) is obtained  
 
                                             ( ) ( ) ( )jijigjif m ,,, logloglog η+=                                    (2.5) 
 

In this way, the multiplicative noise is transformed to additive noise, and thus 

conventional noise reduction techniques that are originally proposed for getting rid of 

additive noise can be applied to suppress speckle. For example, the Wiener filter, which 

is developed for additive noise, is used in such a homomorphic manner in [36] to 

remove speckle.  

 

Various techniques have been employed to reduce speckle noise in ultrasound imaging 

in the last two decades. Those speckle reduction techniques can be classified into three 

groups: compounding methods, nonlinear spatial filtering, and multiscale (e.g., wavelet 

or pyramid) methods. In the remaining part of this Chapter, all these three groups of 

techniques will be reviewed. 

2.2 Compounding Methods 

Compounding techniques [23, 50, 57, 73] have been widely investigated and are 

currently used in several commercial medical ultrasound systems. All compounding 

methods try to limit the formation of speckle before an image is formed, and thus can 
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be called pre-acquisition methods. While the other two kinds of techniques, nonlinear 

spatial filtering and multiscale methods are post-acquisition methods. 

2.2.1 Spatial Compounding 

Partially correlated measurements of a speckle-generating object can be obtained by 

several methods. For example, a one-dimensional transducer array can be divided into 

several sub-arrays, and each sub-array is used to image the same object. Decorrelation 

between these measurements is introduced because of the statistical independence of 

speckle viewed from different directions. This method is known as spatial 

compounding [23]. However, because each image is acquired using only a portion of 

the entire array, contrast resolution is improved at the cost of lateral resolution. An 

alternative is to use the entire array to acquire several images by manually or 

mechanically moving the transducer in the lateral direction. Although the entire 

physical array is used, the lateral resolution is still not optimal because a narrower 

acoustic beam can be synthesized if image data from different directions are coherently 

combined. 

2.2.2 Frequency Compounding 

Frequency compounding techniques are based on the assumption that speckle produced 

at one imaging frequency is not correlated with that produced at other frequencies. This 

method uses bandpass filters to partition a wideband received echo signal into separate 

imaging channels. In each of these channels the RF signal is full-wave rectified and 

then lowpass filtered, to produce the demodulated signal. After this demodulation 

process, an analog sum of the separate channels is formed to produce the output [73]. 

Because of the reduced pulse bandwidth, speckle fluctuations are reduced at the cost of 

axial resolution. 
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2.2.3 Temporal Compounding 

Temporal compounding is an alternative approach. The method requires a time 

sequence of images as input. Pixels from the same imaging point are averaged over a 

sequence of images. In the case where no motion is present, this method is 

straightforward to apply. An output frame is produced from each input frame by taking, 

at each pixel, the average of the current pixel and pixels at the same position in 

previous (or subsequent) frames. However, because speckle is largely uncorrelated with 

time while image structures are correlated, applying this straightforward approach in 

the presence of motion results in motion blur and loss of resolution. A more 

sophisticated approach is to use temporal compounding with motion compensation 

[57]. 

2.2.4 Strain Compounding 

Recently, a new compounding technique has been proposed [50]. This approach is 

based on decorrelation of images under different strain states. The external force 

deforms the image object and produces three-dimensional (3D) tissue motion. The in-

plane motion can be estimated by speckle tracking and corrected such that images 

under different strain conditions are spatially matched. The out-of-plane motion, on the 

other hand, is not correlated. And hence, the images under different strain states are 

partially correlated. Thus, speckle brightness variations can be reduced by incoherently 

averaging these partially correlated images.  

2.2.5 Comments on Compounding Methods 

While these compounding methods can reduce speckle noise and improve image 

quality, they suffer from degraded spatial resolution and increased system complexity. 
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On the positive side, post-acquisition image processing techniques do not require 

significant hardware modifications. 

2.3 Nonlinear Spatial Speckle Filters 

There is a diverse range of nonlinear spatial filters available for speckle reduction. The 

use of each filter depends on the specification for a particular application. Each of these 

filters has a unique speckle reduction approach that performs spatial filtering in a 

square-moving window known as kernel. The filtering is based on the statistical 

relationship between the central pixel and its surrounding pixels. 

 

A spatial filter’s performance depends heavily on the choice of the local window size 

and orientation. A larger filter window means that a larger area of the image can be 

used for calculation and generally requires more computation time. If the size of filter 

window is too large, the important details will be lost due to over-smoothing. On the 

other hand, if the size of the filter window is too small, speckle may not be reduced 

thoroughly.  

2.3.1 Adaptive Weighted Median Filter 

Loupas et al. [54] proposed the adaptive weighted median filter (AWMF). The 

weighted median of a window is defined as the pure median of an extended sequence 

formed by replicating each pixel in the window for ijW  times, where ijW  is the 

corresponding weight coefficient. The weight coefficient of one pixel is calculated 

using the following equation: 

                                                     
2

0ijW W cd
m
σ 

= − 
 

                                                (2.6) 
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where 0W  is pre-specified weight assigned to the central pixel in the filter window,  c  

is a scaling constant, d  is the distance between the pixel ( , )i j  and the central pixel of 

the window, and m and 2σ  are the respective local mean and variance of pixels in the 

filter window.   

 

The use of pixel replication in the AWMF eliminates the requirement of the pure 

median filter that speckle be smaller than half the filter window size. It is an 

improvement over the pure median filter, since it selectively applies greater smoothing 

only in locations where the image has no significant features. However, its performance 

is quite sensitive to the values of its empirically selected parameters such as 0W  and c  

in Eq. (2.6), especially when the filter window is small.  

2.3.2 Directional Median Filter 

Czerwinski et al. [21] proposed to filter an image using short line segments (called 

“sticks”) in different angular orientations as templates and selecting the orientation at 

each point that is most likely to represent a line in the image. They defined a set of 

short lines passing through the central pixel of a squared filter window. At every pixel 

of the original image, they computed a set of median values, each corresponding to a 

stick of different angular orientation and calculated by taking the median of pixel gray 

values along that stick. The filtered image is obtained by selecting the maximum 

median value at each pixel. This stick filtering method can be represented by 

                             ( ) ( ) ( )[ ]{ }ηξηξ θηξθ ,,max,ˆ
, sjiImedianjiI ss −−=                        (2.7) 

where sI  is the original image, sÎ  is the filtered image, ξ  and η  are used to represent 

the relative coordinates of pixels on a stick with respect to the filtered pixel 

( )ˆ , ,sI i j and θs  is a stick of angular orientation θ .  
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This directional median filter can be related to the AWMF in the sense that each 

orientation filter can be described as a block from which some elements are given unity 

weights while others are given zero weights in the median operator. 

 

The directional median filter requires a tradeoff between effective edge enhancement 

and good speckle reduction. 

2.3.3 Bamber, Lee, Kuan, and Frost Filters 

The Bamber [6, 7], Lee [48], Kuan [45], Frost [29], and enhanced Lee and Frost [53] 

filters share a similar basic idea for speckle reduction. The Bamber filter was proposed 

for medical ultrasound imaging, while the other five filters come from SAR 

community.  

 

The Bamber filter [6, 7] can be expressed as  

                                                      ˆ ( )s s s s sI I K I I= + −                                               (2.8) 

where sÎ  is the filtered gray value of a pixel to be calculated from the old value sI , sI  

is the mean value of all pixels’ gray values within the filter window, and sK  is the 

weighting function to control the filtering strength. The parameter sK  is determined by 

a measure of similarity and can be calculated by 

                                                             
s

u
s C

C
K −= 1                                                   (2.9) 

where                                                    
u

C u
u

2σ
=                                                    (2.10) 

and                                                        
s

s
s I

C
2σ

=                                                     (2.11) 
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The terms uC and sC are the respective coefficients of variance of speckle noise and 

that of the image. 2
sσ  and sI  are the variance and mean of gray values of all pixels in 

the filter window respectively; 2
uσ  and u  are the variance and mean of gray values in 

a region consisting entirely of fully developed speckle. 

 

The local statistic sC  plays an essential role in controlling the filter: if s uC C→ , then 

0sK → ; if sC →∞ , then 1sK → . In general, the values of sK  approaches zero in 

homogeneous areas, leading to the same result as that of the mean filter. On the other 

hand, the value of sK  approaches unity at edges, resulting in little modification to the 

pixel values near edges. 

 

The Lee filter [48] uses similar equations but adopts the ratio of local standard 

deviation to local mean (i.e., 2

2

u
C u

u
σ

=  and 2

2

s

s
s I

C
σ

= ) to control the filtering process.  

 

The Kuan filter [45] has the same form as the Lee filter, but with a different weighting 

function, which is given as  

                                                        
2 2

2

1
1

u s
s

u

C CK
C

−
=

+
                                                (2.12) 

where uC  and sC  have the same expressions as those in the Lee filter. 

 

The Frost filter [29] uses an exponentially damped convolution kernel. The weighting 

factor decreases as the variance within the filter window reduces. The filtering output is 

determined by 
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                                                     ∑∑
∈∈

=
ηη p

p
p

pps mImÎ                                          (2.13) 

where                                          2
,exp( )p s s pm K C d= − ⋅ ⋅                                         (2.14)  

                                                 2 2
, ( ) ( )s p s p s pd i i j j= − + −                                    (2.15) 

K  is the damping factor,  sC  is the same as that used in the Lee and Kuan filters, ,s pd  

is the distance between the pixel s  and the central pixel p , and η  denotes the set of all 

pixel values in the filter window. The factor K  is chosen such that when in a 

homogeneous region 2
sK C⋅  approaches zero, becoming a mean filter; at an edge 

location 2
sK C⋅  becomes so large that filtering is inhibited completely. 

 

Lopes et al. [53] proposed to divide an image into areas of three classes. The first class 

corresponds to the homogeneous areas in which speckle may be eliminated simply by 

applying a mean filter. The second class corresponds to the heterogeneous areas in 

which speckle is to be reduced while preserving textures. In this class, the enhanced 

filters have the same forms as the original ones. The third class is areas containing 

isolated point targets, where the filter should preserve the observed value. Compared to 

the original ones, the enhanced Lee and enhanced Frost filters preserve edges and other 

texture features of an image better. 

  

All the above six filters are based on the multiplicative noise model. However, log-

compression is often executed in a medical ultrasound system to reduce the large 

dynamic range of the envelope detected echo signals. This log-compression and some 

other signal processing stages inside the scanner modify the statistics of the original 

signal. Dutt et al. [27] investigated the effect of log-compression on ultrasonic speckle 
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statistics and suggested an unsharp masking filter, which is similar to Bamber’s filter 

but uses the statistics of log-compressed images to adjust the smoothing level. 

 

These seven filters [6, 7, 27, 29, 45, 48, 53] share the same basic idea and have the 

same limitation. Their main disadvantage is their inefficiency in removing speckle 

noise in the areas near or on image edges and lines.  

2.3.4 Refined Lee Filter 

To improve the performance in regions around edges, Lee [49] proposed a refinement 

to the original Lee filter, in which the neighborhood used in high variance areas for the 

calculation of the local statistics takes into account the orientation of a possible edge. 

For each pixel with local variance exceeding a set threshold, oriented gradients are 

computed and used to select a subset of the neighborhood pixels that are on one side of 

the edge and most like the central pixel. Local variance estimated from this subset will 

in general be lower than that from the whole neighborhood pixels, allowing more 

accurate filtering of noise. However, the involved edge detection is not optimized for 

speckle corrupted images in which local variance are related not only to the edges but 

also to the underlying average intensity level. The performance of this refined Lee filter 

is highly dependent on its edge detection process. 

2.3.5 Gamma MAP Filter 

The application of maximum a posteriori (MAP) approaches to speckle reduction was 

first proposed by Kuan et al. [46]. The MAP estimation of I  is obtained by 

maximizing the a priori PDF (the Bayes criterion) with respect to I :  

                                                   ( | ) ( )( | )
( )

P g I P IP I g
P g

=                                          (2.16) 
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where I  is the ideal image without speckle noise, g  is the observed image, and they 

follow the multiplicative model g uI= , where u  is a signal-independent noise with 

unit mean. ( | )P g I  denotes the PDF of the speckle. Because the logarithm function is a 

monotonically increasing function, we can take the logarithm on both sides of the 

above function and then differentiate it with respect to I . Thus the MAP equation is 

obtained as follows: 

                                             
( ) ( )

( )

0lnln
=

∂
∂

+
∂

∂

= MAPII
I

IP
I

IgP
                               (2.17) 

 

Here it is assumed that ( )P g  is constant with respect to I . The first term in the above 

equation is the maximum likelihood (ML) term, and the second term is a priori term of 

the incoherent image. The output of a MAP filter can be achieved by taking the real and 

positive root, whose value is between the average and original one, of the MAP 

equation. 

 

By assuming different a priori models, different roots from the MAP equation can be 

obtained. Kuan et al. [46] assumed a Gaussian distribution. Lopes et al. [52] modified it 

by assuming a Gamma distribution and classifying an image into three classes, similar 

to enhanced Lee and enhanced Frost filters. The Gamma MAP filter is given as below: 

 

               
( ) ( )22

,

1 1 4ˆ ,
2

,

s

s s s s
s

s

I
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I
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α α α
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max
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u s

u
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≤
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≤
        (2.18) 

where L  is the effective number of looks and can be computed by 2

1

u

L
C

= , 
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                                                         max 2 uC C=                                                     (2.19) 

and                                                 
2

2 2

1 u

s u

C
C C

α +
=

−
                                                      (2.20) 

 

The MAP filter requires a large window for accurate estimation of the PDF and the 

filter parameters. 

2.3.6 Segmentation or Region Growing Based Filters 

Some researchers use segmentation based filtering methods [41]. A signal is said to be 

stationary if all average values of interest are time (space) independent, and is 

nonstationary if one or more of the average values of interest vary in time (space). 

Speckle filtering can be effective only in locally stationary regions, and regions where 

the signals are nonstationary have to be filtered separately. The underlying idea of the 

segmentation based filtering methods is that, with the aid of a suitable segmentation 

algorithm, a statistically nonstationary image can be divided into approximately 

stationary regions that can, in turn, be processed by filters designed on the basis of the 

corresponding statistics.  

 

A group of similar methods is region growing based filtering methods [17, 35, 40, 42]. 

The fundamental step in both kinds of methods is defining the extent of regions in the 

image. Both kinds of methods group pixels that are similar in terms of both gray level 

and connectivity. These pixels are usually contextually related and are likely to belong 

to the same object or region. After such a grouping, filtering is performed based on the 

local statistics of adaptive regions whose size and shape are based on the information 

content of the image, rather than of arbitrarily formed rectangular regions.  
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Rangayyan et al. [67] argued that region growing based methods are superior to 

segmentation based methods because that of these two classes of regions, namely non-

overlapping regions obtained using segmentation techniques, and overlapping regions 

obtained from region growing techniques, overlapping regions are preferred, as 

processing disjoint segments of an image may result in noticeable edge artifacts and an 

inferior restored image. The main difficulty of these methods is in designing 

appropriate similarity criteria for region growing. 

2.3.7 Diffusion Based Spatial Filters 

Alternatively, diffusion based spatial filtering methods have been proposed [1, 83]. 

Diffusion based methods remove noise from an image by modifying the image via a 

partial differential equation (PDE). More details about this kind of spatial filters will be 

introduced in Chapter 4. Yu et al. [83] introduced an edge sensitive diffusion method 

(i.e., SRAD) to suppress speckle while preserving edge information. Abd-Elmoniem et 

al. [1] presented a tensor-based anisotropic diffusion method for speckle reduction and 

coherence enhancement (i.e., NCD). Both of the two diffusion methods can preserve or 

even enhance prominent edges when removing speckle noise, but they have limitation 

in retaining subtle features such as small cysts and lesions in ultrasound images. 

2.3.8 Comments on Nonlinear Spatial Speckle Filters 

Most of these nonlinear spatial filters utilize variations of the statistical properties of 

the pixels, observed through a fixed-size moving window, to obtain the output of the 

filter. The difficulties in implementing such techniques are related to determination of 

the proper weighting coefficients for the filter and design of an appropriately sized 

moving window.  
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Most of these filters fail to achieve spatial adaptation because they only employ a local 

window with fixed size and shape. An adjustable window is expected to have superior 

despeckling performance. The refined Lee filter [49] is a good example of using an 

adaptive window, and possesses a good balance between noise reduction and feature 

preservation. The success of the refined Lee filter is dependent on its edge detection 

process, which is not optimized for images corrupted by speckle. Region growing based 

methods [17, 35, 40, 42] adjust the size of filter window according to the formed 

adaptive regions, but it is difficult to derive an appropriate similarity criteria for region 

growing based on the local statistics. Diffusion methods have achieved promising 

results for additive noise reduction. However, they still cannot provide the desired 

reduction in speckle because of its heavy tailed property. They also introduce artifacts 

(e.g., jagged boundaries) when applied to ultrasound images. Two diffusion methods 

developed recently specifically for speckle reduction [1, 83] cannot preserve detailed 

features in the image well. 

2.4 Wavelet Based Speckle Reduction Methods 

Wavelet multiresolution analysis has the very useful property of space and scale 

localization, so it provides great promise for image feature detection at different scales. 

Wavelets have found successful applications in a variety of signal processing problems, 

including image coding and denoising. The wavelet based denoising techniques consist 

of three procedures: discrete wavelet transform (DWT), manipulation on wavelet 

coefficients, and then inverse discrete wavelet transform (IDWT). The second step is 

most crucial, and distinguishes one wavelet based denoising method from another. The 

manipulation on the wavelet coefficients is mostly based on a classification. With a 

certain criterion, the coefficients are divided into two groups. The first group contains 

important, regular coefficients that are contributed mainly by useful signal; while the 
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second group consists of irregular coefficients that are caused by noise. Then these two 

groups are processed in different ways, with the noisy coefficients often set to be zero. 

According to the different criteria used to classify the two groups of coefficients, 

wavelet based denoising methods can be roughly classified into the following four 

groups: thresholding, Bayesian estimator, coefficients’ correlation, and singularity 

detection.  

 

Speckle is often characterized as multiplicative random noise, whereas most wavelet 

based denoising algorithms were developed for additive white Gaussian noise 

(AWGN), because AWGN is most common in imaging systems. To take advantage of 

the available noise-related wavelet models in the publications, the common practice is 

to apply a logarithmic transform to convert the multiplicative speckle model to an 

additive model. After performing the above mentioned three steps of wavelet based 

denoising on the logarithmic transformed image, an exponential operation is applied in 

order to transform the image back to a non-logarithmic format.  

2.4.1 Thresholding Techniques 

The basic idea of this kind of technique is to use DWT to transform the data into a 

different domain, where large coefficients correspond to the noise-free signal, while 

small ones represent mostly noise.  

 

A thresholding function determines how the thresholds are applied to the coefficients. 

Two most often used thresholding functions are soft and hard thresholding. For each 

wavelet coefficient, if its amplitude is smaller than a predefined threshold, it will be set 

to zero; otherwise it will be kept unchanged (hard thresholding) or cut in the absolute 

value by an amount of the threshold (soft thresholding).  
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The key decision in the thresholding techniques is the selection of an appropriate 

threshold. If this value is too small, the processed image will remain noisy. On the other 

hand, if the value is too large, important image details will be smoothed out. Donoho 

[24] proposed the universal thresholding rule, which is simple and efficient but not 

spatially adaptive because only a single threshold is used globally. The universal 

threshold can be expressed by NT n log2σ= , where nσ  is the noise standard 

deviation and N  is the sample size. It has been shown that with a very large sample 

size, the above universal threshold tends to smear out image details.  

 

Following this, some researchers have focused on developing spatially adaptive 

thresholding methods instead of using a global uniform threshold. One good example is 

Chang et al.’s work [14], in which the image is first segmented into three kinds of 

regions: edges, textured areas, and homogeneous areas. Then three different thresholds 

are adapted to the three different regions. The limitation of this method is that the three 

different thresholds are selected in an ad hoc way.  

 

Chang et al. [15] also proposed an approximate minimum mean-square error (MMSE) 

solution to the soft-thresholding. The so-called BayesShrink threshold is calculated as  

                                                            
g

T σ
ση

2

=                                                     (2.21) 

where 2
ησ  and gσ  are the noise variance and the image standard deviation, 

respectively. This threshold is designed to adapt to each individual subband at each 

resolution level.  
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In [28], a comprehensive evaluation of various thresholding methods was carried out, 

and BayesShrink was found to be the best thresholding rule considering the simplicity 

of implementation along with the denoising performance. 

 

Other thresholding techniques for speckle reduction have been proposed in the 

literature [33, 86]. Current state-of-the-art wavelet based denoising and image 

enhancement techniques employ a combination of soft and hard thresholding together 

with a generalized adaptive gain for feature emphasis. For example, Zong et al. [86] 

applied soft thresholding at fine scales and hard thresholding within middle levels to 

eliminate noise, followed by nonlinear processing of feature energy to enhance 

contrast. The five parameters that determine the empirical generalized adaptive gain 

function in [86] are tuned experimentally to achieve appropriate nonlinear stretching of 

wavelet coefficients that accomplishes the desired contrast enhancement. Hao et al. 

[33] separated an image into two parts by using the adaptive weighted median filter of 

Loupas et al. [54]. After that, both parts were processed by a wavelet soft thresholding 

method modified from the Donoho’s approach [24] and then recombined.  

 

The main drawback of thresholding methods is the determination of an appropriate 

threshold, which is the most important parameter for this kind of methods.  

2.4.2 Bayesian Estimation Techniques 

In recent years, some researchers [2, 81] showed that Bayesian estimation is preferable 

to thresholding methods in many image processing applications, e.g., medical image 

and remote sensing image processing. In general, the Bayesian estimation will end up 

with a continuous shrinking function imposed on noisy observations, in contrast with 

the thresholding methods, which usually involves a binary thresholding action. To 
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develop a continuous shrinking function, the probability of one wavelet coefficient to 

be noisy or clean needs to be calculated, according to a certain criterion. To calculate 

this probability, an a priori PDF for regular coefficients is needed. Two estimators, 

MAP and MMSE, have been used. Under the assumptions that the noise-free signal is 

independent, identical distributed (i.i.d.) Gaussian noise with zero mean and 

variance 2
xσ  and that the noise is AWGN and the signal and noises are uncorrelated, 

both estimators provide the same solution: 

                                                       i
g

g
i fg 22

2

ησσ
σ
+

=
∧

                                                (2.22) 

where 
∧

ig  is the estimation of the noise-free signal ig , if  is the observed noisy signal, 

2
gσ  and 2

ησ  are the variance of the noise-free signal g and the noise η  respectively.  

 

However, the above assumptions are usually not satisfied for natural images. To solve 

these disagreements, Achim et al. [2] suggested a generalization of Gaussian 

distribution, i.e., the alpha-stable distribution, to model the noise-free signal, and Xie et 

al. [81] proposed a mixture of two Gaussian distributions to model natural images. 

 

Bayesian estimation methods can perform better than thresholding methods given a 

reasonable assumed distribution model. However, appropriate distribution models of 

the noise-free signal and those of the noise are crucial for the success of this kind of 

techniques. 

2.4.3 Coefficients’ Correlation Techniques 

In [65], an undecimated (or overcomplete) wavelet domain denoising method was 

proposed to utilize the correlation of regular wavelet coefficients across different 
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scales. The preliminary classification step in [65] is related to the one in [82] but avoids 

its iterative procedure. The result of this preliminary coefficient classification is used to 

empirically estimate the statistical distributions of the noise-free signal and those of the 

noise. After that, a soft modification of the wavelet coefficients is performed, instead of 

adopting a binary decision to select the regular coefficients as in [82].  

 

This method does not rely on the exact prior knowledge of the noise distribution so that 

it is more flexible and robust compared to other wavelet based methods. However, 

experiments conducted showed that this method could not suppress enough speckle 

noise in ultrasound images. 

2.4.4 Singularity Detection Techniques 

This kind of methods utilizes the evolution of wavelet coefficients across different 

scales to separate regular coefficients from irregular ones [56]. Generally speaking, the 

singularity of useful signal has a long-term range and the corresponding regular 

coefficients have large values at coarse scales, whereas the singularity of noise has 

larger coefficients at finer scales.  

 

The wavelet transform modulus sum (WTMS) algorithm proposed by Hsung et al. [34] 

has good edge preservation ability based on multiscale singularity detection in wavelet 

domain. The proposed WTMS method classifies the wavelet coefficients at each scale 

into two groups, one corresponding to irregular coefficients mainly caused by noise, 

and the other corresponding to edge-related and regular coefficients mainly contributed 

by useful signal. By discarding those irregular coefficients and preserving the regular 

coefficients, noise can be reduced and useful signal is retained.  
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However, the simple binary processing of irregular and regular coefficients limits the 

performance of the WTMS method. It degrades the visibility of small structures when 

applied to medical imaging [85]. This can be explained by the fact that, irregular 

coefficients contain some signal information and those regular coefficients also contain 

some noise especially for the lowest decomposition layer.  Zhong et al. [85] improved 

the WTMS method by processing the irregular coefficients and also the regular 

coefficients at the lowest decomposition layer with a minimum mean square error 

estimation method, instead of using a binary decision. 

2.4.5 Comments on Wavelet Based Speckle Reduction Methods 

It is well known that the critically sampled orthogonal discrete wavelet transform is not 

translation invariant. One approach to solve this problem is to perform wavelet 

denoising to circularly shifted versions of the noisy image and averages the results after 

shifting them back. This kind of approach is known as cycle spinning. An alternative is 

to use the undecimated wavelets. It has been proved that, selecting the right wavelets, 

an undecimated wavelet is equivalent to the cycle spinning scheme [18]. In fact, 

critically subsampled wavelets are preferred for redundancy suppression, e.g., signal or 

image compression. In other applications such as image denoising, undecimated 

wavelets introduce a redundancy that will benefit processing. 

2.5 Pyramid Based Speckle Reduction Methods 

Besides the wavelets, another multiscale representation is pyramid transform [12, 22, 

32, 58, 59, 71, 74]. In the pyramid decomposition scheme, a signal is successively 

decomposed into a decimated lowpass version and a signal containing residual 

information. This residual signal is computed as a difference between the signal on a 

finer scale and the interpolated signal from a coarser scale. More details about pyramid 
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transform will be given in Chapter 3. Most pyramid denoising methods share the same 

idea with the wavelet thresholding methods. Pyramid based filters have also been used 

for reducing speckle [4, 47, 68].  

 

Sattar et al. [68] adopted the Feavueau's pyramid transform. In this method, edge 

detection on interpolated detailed images is used to determine which pixels of the 

detailed images are to be included in the reconstruction stage. However, none of the 

three proposed edge detection approaches in [68] are sophisticated enough to perform 

well on ultrasound images. Considering the multiplicative nature of speckle noise, 

Aiazzi et al. [4] introduced a ratio Laplacian pyramid. In this method, the conventional 

Kuan filter [47] is extended to multiscale domain by processing the interscale layers of 

the ratio Laplacian pyramid, but it suffers from the need to estimate the noise variance 

in each interscale layer. In [47], nonlinear adaptive filtering of the bandpass layers of 

the pyramid was adopted to reduce noise in medical X-ray and MRI images. The 

adaptivity is controlled by image gradients calculated from the coarser layer. However, 

this method cannot achieve satisfactory results on ultrasound images, mainly due to the 

simply designed adaptive filtering.  

2.6 Conclusion and Discussion 

As described above, the compounding methods suppress speckle at the expense of 

reduced spatial resolution and increased system complexity. On the other hand, 

nonlinear spatial filters do not need many hardware modifications, but their 

performances and computational complexity are highly dependent on the selected 

window size, orientation, and the algorithm employed. Conventional diffusion methods 

may generate saw-smoothed edges when applied to ultrasound images, and recently 

developed diffusion filtering techniques (i.e., SRAD and NCD) cannot preserve subtle 
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features and details in ultrasound images. Meanwhile, most multiscale denoising 

methods suffer from the selection of an appropriate threshold and a proper distribution 

model of the noise-free image. Overall, all these techniques have difficulty in 

preserving important image features and details while suppressing speckle in ultrasound 

images. A technique that can sufficiently remove the speckle and maintain the 

clinically useful image edges is still absent. Image details and object visibility are very 

important to medical diagnosis, and the human eyes are very sensitive to image edges. 

Therefore, a desired speckle reduction algorithm should have the following properties. 

 

First, it should be adaptive. It means that the algorithm adapts automatically to the 

nature of the pixels to be processed, reducing noise while preserving diagnostic 

information. In homogeneous (i.e., no texture or structure) regions, smoothing is 

applied equally in all directions to maximally suppressing noise. In the vicinity of an 

edge, smoothing is applied along the edge direction, and edge enhancement is 

performed perpendicularly to the edge direction. At the same time, the denoising 

algorithm should not generate any visual artifacts. 

 

Second, it should be a multiscale method. The reason why a multiscale method is 

desired is that human vision being superior to any computerized image processing 

method sees objects in a multiscale manner. Two common multiscale representations 

are wavelet and pyramid [51]. Wavelet and pyramid based methods have recently 

received more and more attention and achieved promising results for image denoising. 

Two multiscale post-processing speckle reduction techniques implemented in 

commercial ultrasound machines are Philips’ XRES (http://www.medical.philips.com) 

and ContextVision’s GOP (http://www.contextvision.com). This means that they adopt 

a certain kind of wavelet, pyramid or similar representation. In multiscale processing, 
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an input image is separated into several scales, and the denoised image is the combined 

denoising results from all the different scales.  

 

Last but not least, the smoothing level of the speckle reduction algorithm should be 

adjustable by users, i.e., clinicians or sonographers. Almost any noise reduction 

algorithm is an information-reducing process. The more noise it suppresses, the more 

likely it is to degrade clinically useful information. In real applications, clinicians are 

often worried that clinically important details might disappear as well when performing 

speckle reduction. Therefore, to practically use a speckle reduction algorithm as a 

diagnostic aid, it is a requirement that users have the option to adjust the level of 

smoothing applied to the images. 

 

The pyramid is one common multiscale representation. It will be shown in Chapter 3 

that certain properties of pyramid transform make it more suitable for noise reduction, 

compared to wavelet transform. Speckle is a kind of signal-dependent noise and thus 

not distributed uniformly in different scales. The signal decomposition via pyramid 

transform allows for frequency-specific filtering, and thus benefits speckle reduction. 

The nonlinear diffusion performs adaptive filtering according to local image gradients, 

and has shown promising results for additive noise reduction. The smoothing level of 

the nonlinear diffusion can be adjusted by controlling the diffusion time, which is 

reflected as the number of iterations. Performing nonlinear diffusion in a pyramid 

domain satisfy the three properties of a desired speckle reduction algorithm: it is 

adaptive, multiscale, and allows adjustment on the level of smoothing. In the next 

chapters, pyramid transform will be analyzed and nonlinear diffusion will be utilized in 

a pyramid domain to achieve speckle reduction and feature preservation. 
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Chapter 3    Pyramid Based Filtering Techniques 

3.1 Introduction 

An inherent property of real-world objects is that they only exist as meaningful entities 

over certain ranges of scales. The noise can easily be distinguished from signal in scale 

space [51]. Although it is not clear how to define scale space, it is generally agreed that 

scale is an indication of how far an object is being viewed. During the last few decades, 

a number of multiscale representations have been developed, including wavelet and its 

variations, and several pyramid representations [12, 22, 32, 58, 59, 71, 74]. Wavelet 

representations are complete and orthogonal, and thus have advantages in image 

compression. The pyramid representations, on the other hand, are more redundant and 

allow for efficient filtering algorithms.  

3.2 Pyramid Decomposition and Reconstruction 

The general structure of pyramid transforms consists of decomposition and 

reconstruction stages and can be described by smoothing and interpolating filters. In the 

decomposition stage, a signal is successively decomposed into a decimated smoothed 

signal and a signal containing residual information. This residual signal is computed as 

the difference between the signal on a finer scale and the interpolated signal from a 

coarser scale. A finer scale corresponds to a lower pyramid layer. The lowest pyramid 

layer has the same size as the original image. A pyramid is specified by its decimation 

factor and the smoothing and interpolating filters.  

 

The Laplacian pyramid (LP) introduced by Burt and Adelson [12] is one of the earliest 

and most popular pyramid transforms. Because the lowpass filter for smoothing is a 
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Gaussian-like lowpass filter, the resultant decimated images form a Gaussian pyramid 

(GP). Whereas the difference between two images is similar to the Laplacian operator 

commonly used in image enhancement, thus the decomposition is called LP 

decomposition scheme. 

 

To introduce LP, two operators REDUCE and EXPAND are defined. The REDUCE 

operator performs a 2D lowpass filtering followed by a sub-sampling by a factor of two 

in both directions. With a 2k+1-by-2k+1 Gaussian-like lowpass filter W , the REDUCE 

operator can be expressed as: 

( ) ( ) ( )∑ ∑
−= −=

− ++=
k

km

k

kn
ll njmiGnmWjiG 2,2,, 1                            (3.1) 

where ),( ji  is the position of an image pixel, and l  is the pyramid layer. The original 

image is at layer 0. 

 

The EXPAND operator enlarges an image to twice the size in both directions by up-

sampling (insertion of zeros) and lowpass filtering followed by a multiplication by a 

factor of four, which is necessary to maintain the average intensity being reduced by 

the insertion of zeros. The EXPAND operator can be expressed as: 
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By representing the original image by I , GP at layer l  by lG , and LP at layer l  by lL , 

where l  = 0, 1 … 1−Z , and Z  is the total decomposition layer, the GP and LP at layer 

l  are defined as follows 

    IG =0                                                             (3.3) 

      [ ]1−= ll GREDUCEG                                                   (3.4) 
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   [ ]1+−= lll GEXPANDGL                                               (3.5)   

 

Figure 3.1 shows the structure of LP transforms, for the case of four decomposition 

layers. And Fig. 3.2 shows a four-layer LP decomposition of an ultrasound phantom 

image. The envelope of the acquired data was log-compressed and then decomposed 

into its GP and LP domain. As can be seen in Figs. 3.1 and 3.2, GP contains a set of 

lowpass filtered copies of the original image at different sizes, while LP decomposes 

the original image into a set of bandpass images and a final lowpass image. The image 

at the highest layer of GP is same as that at the highest layer of LP.  

 

 

Fig. 3.1. Block diagram showing the structure of Laplacian pyramid transform 
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(a) 

          
(b) 

           
(c) 

Fig. 3.2. The first four layers of the Gaussian and Laplacian pyramid of an image.  

(a) Original image I ; (b) Gaussian pyramid, from left to right: 0G , 1G , 2G , and 3G ;  

(c) Laplacian pyramid, from left to right: 0L , 1L , 2L , and 3L . 
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The scale of the Laplacian operator doubles from layer to layer of the pyramid, while 

the center frequency of the passband is reduced by an octave [12]. This is of interest 

because there is psychophysical evidence that the mechanisms in the human visual 

systems tuned to different spatial frequencies are approximately an octave apart. Ideally 

the lowpass filter cuts the spectrum of the image at half of the Nyquist frequency to 

enable sub-sampling by a factor of two. The finest subband 0L  represents a highpass 

band containing frequencies down to half of the Nyquist frequency of the original 

image. Consequently, each subband lL  contains frequencies from 1
1

2l+  to 1
2l  times 

the Nyquist frequency of the original image. This decomposition scheme results from 

the sub-sampling procedure, which reduces the Nyquist frequency of the current scale 

to half of that of the proceeding scale [66]. Reconstruction of the image from the LP is 

achieved by simply reversing the decomposition steps. A perfect reconstruction can be 

obtained if no processing takes place in the individual LP layers.  

 

The LP is an oversampling scheme in the sense that the total number of transform 

coefficients is 3
4  the number of pixels in the original image. Therefore, in 

compression applications, it is often replaced by subband coding or wavelet transforms, 

which are critically sampled schemes and often orthogonal decompositions. Though the 

oversampling of LP transform is a problem for image compression, it has little or no 

impact in denoising applications. The LP has the advantage over the critically sampled 

wavelet schemes that each pyramid layer generates only one bandpass signal, even for 

multidimensional cases. This property makes it easy to apply many multiscale 

algorithms using a coarse to fine strategy to LP. Furthermore, the resultant bandpass 

signals of LP do not suffer from the “scrambled” frequencies as in the critical sampling 
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scheme. This frequency scramble happens in the wavelet filter bank when a highpass 

channel after downsampling is folded back into the low frequencies, and thus its 

spectrum is reflected. In LP, this effect can be avoided by downsampling only the 

lowpass signals [22].  

 

Because of the signal-dependent property of speckle noise in ultrasound images, noise 

is not uniformly distributed in different scales. The LP separates the major signal 

component and noise into different layers, and thus helps to achieve a good balance 

between speckle reduction and feature preservation of ultrasound images. Applying 

adaptive filtering to each bandpass image, except the lowpass image at the coarsest 

scale, allows reducing noise independently on slowly varying signal components and 

thus preserving fine details of the image.  

3.3 Speckle Reduction in Pyramid Domain 

Techniques of pyramid based denoising are similar to those wavelet based methods. 

They are consisted of three procedures: pyramid decomposition, manipulation on 

pyramid coefficients, and finally pyramid reconstruction. The manipulation of the 

pyramid coefficients is mostly based on a classification. With a certain criterion, the 

pyramid coefficients are divided into two groups. The first group contains important, 

regular coefficients that are contributed by useful signal, while the second group 

consists of coefficients that are considered as irregular and caused mainly by noise. 

Then these two groups are processed in different ways, with the noisy coefficients often 

replaced by zero.  

 

Roughly speaking, there are two groups of pyramid based denoising methods, i.e., 

thresholding [58] and filtering of pyramid coefficients [4, 47, 59]. Two most often used 
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thresholding functions are soft and hard thresholding. For each pyramid coefficient, if 

its amplitude is smaller than a predefined threshold, it will be set to zero; otherwise it 

will be kept unchanged (hard thresholding), or cut in the absolute value by an amount 

of the threshold (soft thresholding). The hard thresholding scheme preserves feature 

better while the soft thresholding scheme provides smoothness. The pyramid based 

thresholding methods share the similar idea as the wavelet based thresholding methods. 

The difficulty in the thresholding techniques is the selection of an appropriate threshold, 

which is the most important design parameter for this kind of methods. On the other 

hand, filtering of transform coefficients have not been successfully applied to wavelet 

based methods, due to the critically sampling property of wavelet. This property means 

that connected spatial structures are split into different subbands that are uncorrelated 

with each other, and their spatial connectivity is lost. Therefore performing filtering to 

the wavelet coefficients will damage the image textures after inverse wavelet transform 

of the filtered image. On the contrary, LP is redundant and represents connected image 

structures on multiple scales, and thus can avoid the impairments of image textures [4].  

 

As mentioned in Section 2.1.2, a log-compression will transform the multiplicative 

speckle noise to additive noise. Because LP transform is a linear transformation, the 

obtained pyramid coefficients after performing LP transform to both sides of Eq. (2.5) 

can be represented as  

                               ( )[ ] ( )[ ] ( )[ ]jiLPjigLPjifLP m ,,, logloglog η+=                              (3.6) 

where 

                       ( )[ ] ( )[ ]( ) ( )[ ]{ }jifLjifLjifLP ZZll ,,,, log
120

loglog
−−≤≤=                      (3.7a) 

                       ( )[ ] ( )[ ]( ) ( )[ ]{ }jigLjigLjigLP ZZll ,,,, log
120

loglog
−−≤≤=                       (3.7b) 

                     ( )[ ] ( )[ ]( ) ( )[ ]{ }jiLjiLjiLP mZZlmlm ,,,, log
120

loglog ηηη −−≤≤=                     (3.7c) 
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The definitions of symbols are same as before, i.e., ( , )lL i j  represents LP at layer l , l  

= 0, 1 … 1−Z , and Z  is the total decomposition layer. The terms ( )[ ]( ) 20
log , −≤≤ Zll jifL , 

( )[ ]( ) 20
log , −≤≤ Zll jigL , and ( )[ ]( ) 20

log , −≤≤ Zlml jiL η  are the bandpass images after the LP 

transform of the log-compressed noisy image ( )jif ,log , noise-free image ( )jig ,log , and 

noise ( )jim ,logη , respectively. And the terms ( )[ ]jifLZ ,log
1− , ( )[ ]jigLZ ,log

1− , and 

( )[ ]jiL mZ ,log
1 η−  are the lowpass images at the coarsest scale. 

 

It is known that speckle noise exists at high frequency, thus ( )[ ] 0,log
1 →− jiL mZ η . To 

get ( )[ ]jigLP ,log , which is the LP transform of the log-transformed noise-free image 

( )jig ,log , an appropriate filter can be applied to the bandpass images 

( )[ ]( ) 20
log , −≤≤ Zll jifL  to remove the noise component ( )[ ]jiLP m ,logη . A certain degree of 

feature enhancement besides noise reduction can be achieved by enhancing the feature 

energy of bandpass images ( )[ ]( ) 20
log , −≤≤ Zll jigL . After performing filtering of the 

bandpass images, the pyramid is reconstructed to get the image ( )jig ,log . And finally, 

an exponential transformation is performed to recover the noise-free image ( )jig , .  

 

To demonstrate the effectiveness of LP based filtering for speckle reduction, a LP 

based Wiener filter was applied to the envelope-detected image of the image in Fig. 

3.2(a). The envelope-detected image was first log-compressed, followed by LP 

decomposition. Then the Wiener filter was performed on each bandpass image in the 

LP, and the filtered pyramid was reconstructed. Finally, an exponential function was 

applied to the reconstructed image to get the despeckled image, as shown in Fig. 3.3(a). 
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The four-layer LP decomposition of the despeckled image is depicted in Fig. 3.3(b). It 

can be seen from Figs. 3.3(a) and (b) that much speckle noise was removed and the 

image edges were preserved. However, a simple filtering method such as Wiener filter 

cannot suppress speckle thoroughly. 

 

 

(a) 

           

(b) 

Fig. 3.3. Image filtered by Laplacian pyramid based Wiener filter and its four-layer 

Laplacian pyramid decomposition. (a) Filtered image; (b) The first four layers of the 

Laplacian pyramid decomposition of the filtered image.  
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3.4 Conclusion 

The LP is a useful multiscale representation approach for image denoising. It enables 

frequency-selective noise reduction by separating major signal component and noise 

into different scales. Such a property makes it suitable for speckle reduction, since 

speckle is not distributed uniformly across the frequency spectrum. Speckle noise can 

be reduced by suppressing those irregular pyramid coefficients. Enhancement of some 

image features can be achieved by selectively amplifying those pyramid coefficients 

that represent the features of interests. In this way, both noise reduction and image 

enhancement can be achieved by performing adaptive filtering in the pyramid domain. 

Whereas, a simple approach like LP based Wiener filter cannot suppress enough 

speckle noise, and consequently a superior method is needed to perform filtering in the 

LP domain.  
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Chapter 4   Proposed Nonlinear Diffusion in Laplacian 

Pyramid Domain for Speckle Reduction 

4.1 Introduction 

As discussed in Chapter 2, present speckle reduction methods have difficulty in 

preserving important image features and details while suppressing speckle in ultrasound 

images. In this Chapter, a novel speckle reduction method, i.e., Laplacian pyramid 

based nonlinear diffusion (LPND), is proposed to effectively suppress speckle noise 

while preserving clinically useful edges and detailed features for medical ultrasound 

imaging. In this method, speckle is removed by nonlinear diffusion filtering of the 

bandpass ultrasound images in Laplacian pyramid domain. For nonlinear diffusion in 

each pyramid layer, a gradient threshold is automatically determined by a variation of 

median absolute deviation (MAD) estimator. The performance of the proposed LPND 

method is compared with that of other speckle reduction methods, including the 

recently proposed speckle reducing anisotropic diffusion (SRAD) and nonlinear 

coherent diffusion (NCD). Quantitative results from simulation and phantom studies, 

and visual comparison of despeckled clinical ultrasound images are given to evaluate 

the proposed speckle reduction algorithm. 

4.2 Noise Reduction by Nonlinear Diffusion 

Diffusion filtering removes noise from an image by modifying the image via a PDE. 

The linear diffusion equation is given by  

                   [ ]Icdiv
t
I

∇⋅=
∂
∂ , ( ) 00 ItI ==                       (4.1) 
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where [ ]⋅div  is the divergence operator,  I∇  is the image gradient, c  is the 

diffusion constant, 0I  is the original image, and t  is the diffusion time. Processing 

an image using this linear diffusion equation is equivalent to filtering the image with a 

Gaussian lowpass filter whose variance is 2 2tσ = . 

 

Perona and Malik [64] proposed the nonlinear diffusion as described by the following 

equation 

                    ( )[ ]IIcdiv
t
I

∇⋅∇=
∂
∂ , ( ) 00 ItI ==                  (4.2) 

Where ...  is the magnitude operator, ( )Ic ∇  is the diffusion coefficient or diffusivity 

function. If the function ( )Ic ∇  keeps constant for all the image pixels, the diffusion 

process becomes linear. For nonlinear diffusion, the diffusion coefficient ( )Ic ∇  is a 

monotonically decreasing function of the image gradient. Thus, diffusion is 

discouraged across regions containing large image gradients and encouraged within 

regions containing small image gradients. This leads to improved structure preservation 

and image denoising properties. Perona and Malik [64] suggested two diffusion 

coefficients which are scalar-valued functions varying with locations: 

                         ( )
( )21

1
1

kI
Ic

∇+
=∇                       (4.3) 

                        ( ) ( )[ ]2
2 exp kIIc ∇−=∇                      (4.4)  

where k  is a constant called the gradient threshold. It plays an important role in 

determining the degree of smoothing and enhancing in the diffusion process. Nonlinear 

diffusion described in (4.2) is called “anisotropic diffusion” by Perona and Malik [64] 

and some other researchers. However, in this thesis, “anisotropic diffusion” is reserved 
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for the case when the diffusion coefficient ( )Ic ∇  is a tensor-valued function varying 

with both location and edge orientation.  

4.3 Laplacian Pyramid Based Nonlinear Diffusion 

4.3.1 Basic Idea 

Similar to wavelet based denoising methods, pyramid based nonlinear diffusion 

methods consist of three steps: transformation of an image into its pyramid domain, 

manipulation of pyramidal coefficients by nonlinear diffusion, and then reconstruction 

of the pyramid. Note that other pyramid transform may also be adopted. In this study, 

the LP proposed by Burt and Adelson [12] is arbitrarily chosen, mainly because of its 

simplicity. The block diagram of the proposed LPND method is shown in Fig. 4.1. 

 

First, an input image I  is decomposed into GP structure (i.e., 210 ,, GGG  and 3G  in 

Fig. 4.1) and LP structure (i.e., 210 ,, LLL  and 3L  in Fig. 4.1). After decomposing an 

image into its pyramid structure of decreasing frequencies, the main noise (i.e., speckle) 

and useful signal components of the image exist in different layers because they have 

different frequency characteristics. Therefore, performing spatial adaptive filtering to 

each bandpass layer can more effectively suppress speckle noise without degrading 

slow varying signal too much. Then, each detailed image in the LP (i.e., 10 , LL  and 

2L  in Fig. 4.1) is filtered by a nonlinear diffusion process, which will be discussed in 

details later. This nonlinear diffusion process differentiates the proposed speckle 

reduction method from other LP-based denoising methods like those proposed in [4, 47, 
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58, 59, 68]. After getting the nonlinear diffusion filtered images (i.e., 10 , DD  and 2D  

in Fig. 4.1), with the image in the highest layer of the LP kept untouched (i.e., 

333 LDR ==  in Fig. 4.1), the LP is reconstructed to get the denoised image 0R . 

Another GP (i.e., 210 ,, RRR  and 3R  in Fig. 4.1) is formed in the reconstruction 

process. 

 

 

Fig. 4.1. Block diagram of the proposed LPND method, including pyramid 

decomposition, nonlinear diffusion, and pyramid reconstruction. 

 

The developed speckle reduction method can be applied to the envelope signal after 

receive beamforming, to the signal after log-compression, or to the scan-converted 
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image. When applied to the envelope signal, the speckle reduction method is used in a 

homomorphic manner, i.e., log-compress the envelope signal, then apply the speckle 

reduction method and finally perform exponential transform. The log-compression 

operation changes the multiplicative noise contained in the envelope signal to additive 

noise which is suitable for the developed speckle reduction technique. If the speckle 

reduction method is performed after log-compression or scan conversion in an 

ultrasound imaging system, it does not require these extra steps. 

4.3.2 Analysis of the Diffusion Process in Pyramid Domain 

The diffusion coefficients described in (4.3) and (4.4) may create problems such as 

failure in convergence and high sensitivity to noise [13]. Very close images may 

produce divergent solutions. This is caused by the fact that the diffusion coefficients in 

(4.3) and (4.4) may act locally as an inverse heat equation which is ill posed and could 

develop singularities of any order in arbitrarily small time. When applied to images 

containing noise, this possible inverse diffusion represents a severe drawback. This 

problem can be handled by applying regularizing finite difference discretization, and 

the diffusion is usually observed to be stable. (The only observable instability is a 

“staircasing” effect, in which a single ramp edge may be broken into many discrete 

steps. Fortunately, it has been shown in [80] that this staircasing tends to occur only on 

wide smooth edges, as in a blurred disk image. For a wide range of images that have 

only narrow boundary regions, this phenomenon is not evident.) 

 

It is desirable to have the regularization that does not depend on discretization effects. 
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In the proposed LPND, a Gaussian regularization strategy [13], which estimates the 

gradient I∇  on a Gaussian lowpass filtered version of the image, is adopted. Based on 

this strategy, Eq. (4.2) becomes 

                       ( )( )[ ]IIGcdiv
t
I

∇⋅∗∇=
∂
∂

σ                     (4.5)  

where σG  is a Gaussian filter with standard deviation σ . This parameter σ  is a 

controller for the roughness of the smoothed image. The parameter σ  should be large 

enough to suppress the emphasis of speckle noise in ultrasound images, and also not 

too large to blur edges and details of the image. 

 

The diffusion coefficient can be computed using Eq. (4.3) or Eq. (4.4). It has been 

found that a greater decay rate of the diffusion coefficient will create sharper edges that 

persist over longer time intervals in a narrower range of edge slopes, and that a more 

gradual decay rate will sharpen edges over a wider range of edge slopes. The choice of 

the gradient threshold k  gives a lower limit on the gradients of edges that are 

enhanced in the diffusion process. To analyze the relationship between the threshold k  

and the image gradient I∇ , a flux function (i.e., ( )I∇φ ) can be defined as 

( ) ( ) IIcI ∇⋅∇=∇φ  [80]. Then, Eq. (4.2) becomes II
t
I '''2''' ∇+∇=
∂
∂ φφ . For a local 

maximum of gradients, 0' =∇ I  and 0'' <∇ I . If 0' <φ , then 0>
∂
∂

t
I , meaning that 

these edges will become steeper over time. By taking a derivative of 

( ) ( ) IIcI ∇⋅∇=∇ 11φ  over I∇  and letting it equal zero, kI =∇  is obtained. Thus, 

the maximum of the flux ( )I∇1φ  happens in regions where the gradients equal k . The 

condition 0' <φ  is satisfied when kI >∇ , so the image edges having gradients 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 49

above k  will be enhanced. If kI <∇ , then 0' >φ , and consequently 0<
∂
∂

t
I . Thus, 

the edges having gradients under k  will be blurred away. The flux of edges with 

much higher gradients than k  will be close to zero, resulting in stopping of diffusion 

across these edges. A similar analysis finds that the turning point of the flux function 

( ) ( ) IIcI ∇⋅∇=∇ 22φ  is at 2kI =∇ .  

 

Figure 4.2 shows the curves of the two diffusion coefficients and their flux functions 

versus gradient, under a special case of 1k = . As shown in Fig. 4.2, below k , the flux 

reduces to zero, representing the case of homogeneous regions. Above k , the flux also 

reduces to zero, stopping diffusion across high gradients. As noted by Perona and Malik 

[64], these two diffusion coefficients generate different diffusions: ( )Ic ∇1  favors 

wide regions over smaller ones, while ( )Ic ∇2  favors high contrast edges over low 

contrast ones. 
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Fig. 4.2.   The relationship between diffusion coefficients, flux functions, and image 

gradients. (a) Diffusion coefficients ( )Ic ∇  versus gradient I∇ . Curve 1 represents 

( )Ic ∇1  in (4.3), and curve 2 represents ( )Ic ∇2  in (4.4). ( 1k = )  (b) Flux functions 

( )I∇φ  versus I∇ . Curve 1 represents ( ) ( ) IIcI ∇⋅∇=∇ 11φ , and curve 2 represents 

( ) ( ) IIcI ∇⋅∇=∇ 22φ . ( 1k = ) 

 

The diffusion coefficient ( )Ic ∇2  can be modified to be 

                       ( ) ( )( )[ ]22
2 2exp kIIc ∇−=∇                    (4.6) 

Thus Eqs. (4.3) and (4.6) will provide similar results for the same k  value. Adopting a 

Gaussian regularization scheme, the above equation becomes 

                ( )( )( ) ( )( ) ( )( )[ ]22
2 2exp kIGIGc ∗∇−=∗∇ σσ             (4.7) 
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4.3.3 Automatic Determination of the Gradient Threshold 

The choice of the gradient threshold k  plays an important role in determining the 

parts of an image that will be blurred or enhanced in the diffusion process. If its value is 

set too high, the diffusion will act as a smoothing filter, diffusing across the edge 

boundaries. While if it is too low, small diffusion will result in a large number of 

iterations. At some small k  values, extra edges may be introduced between the 

regions of high and low intensities.  

 

In conventional nonlinear diffusion methods, the gradient threshold is mainly adjusted 

and determined depending on the noise level and edge strength. When the noise level is 

unknown, this parameter needs to be selected by trial-and-error to get an optimal result. 

This heuristic procedure is inappropriate for clinical applications where multiple frames 

are dynamically utilized. Perona and Malik [64] used Canny’s noise estimator to select 

the gradient threshold automatically. They set the parameter k  equal to 90 percent of 

the cumulative histogram of the absolute gradients throughout the whole image. 

However, their automatic threshold selection mechanism requires a bi-peak histogram 

[64], which is uncommon in medical ultrasound images. Currently, the gradient 

threshold k  is estimated using the robust MAD estimator [8]  

                
( ) ( )( )

6745.06745.0
ImedianImedianIMAD

k
∇−∇

=
∇

=             (4.8) 

where the constant 0.6745 is derived from the fact that the MAD of a zero mean normal 

distribution with unit variance is 0.6745. 
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The experiments show that the gradient threshold estimated by (4.8) is close to its 

optimal value for conventional nonlinear diffusion in most cases. No significance 

difference has been observed when using the gradient threshold estimated by (4.8) or 

using a manually selected optimal gradient threshold. However, this value needs to be 

adjusted in each pyramid layer for the proposed LPND. The new decision rule on the 

gradient threshold for the LPND can be represented by 

                    ( ) ( )( ) ( )( )ll
lIMAD

lk 1log2
6745.0

+
∇

=                 (4.9) 

where l  is the pyramidal layer. The image gradient I∇  is computed using the 

pyramidal coefficients in the corresponding pyramid layer. In this new gradient 

threshold decision rule, a relatively large value is used in the lowest pyramid layer 

where speckle noise dominates, in order to remove it more thoroughly. On the other 

hand, to enhance larger structure boundaries, small gradient thresholds are applied in 

higher layers. In this way, the new gradient threshold decision rule given in Eq. (4.9) 

can help the LPND suppress noise thoroughly and preserve important image features.    

 

After applying regularized nonlinear diffusion in each pyramid layer except the highest 

one where the prominent structure information is mainly remained, the despeckled 

image is generated by the reconstruction of the pyramid. 

4.3.4 Discretization Scheme 

Many numerical schemes can be used for the solution of the diffusion equation, such as 

fast Fourier transform (FFT), wavelet transform, finite element scheme, neural network, 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 53

and multigrid method [72]. In most cases, a finite difference scheme is preferred 

because of its relatively easy implementation for 2D digital images. In the finite 

difference scheme, continuous derivatives are approximated by discrete differences. 

Using the finite difference scheme and central differencing in spatial domain, the 2D 

discrete nonlinear diffusion equation may be expressed as 

          
( ) ( ) ( ) ( )

( ) ( )],,,,
,,,,[,,1,,

tjiIctjiIc
tjiIctjiIctjiItjiI

EEWW

SSNN

∇⋅+∇⋅+
∇⋅+∇⋅⋅+=+ λ

        (4.10) 

where λ  is the time step and it controls the diffusion speed. The local gradients are 

approximated by directional differences: 

                      

( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )jiIjiIjiI

jiIjiIjiI
jiIjiIjiI
jiIjiIjiI

E

W

S

N

,1,,
,1,,
,,1,
,,1,

−+=∇
−−=∇
−+=∇
−−=∇

                   (4.11) 

 

Allowing 2I∇  to be discretized as an average of the four squared directional 

differences, the gradient magnitude I∇  can be computed by 

                22225.0 EWSN IIIII ∇+∇+∇+∇⋅=∇             (4.12)  

 

To solve the PDE, a boundary condition needs to be imposed to fit the solutions to 

actual problems. Since zero-padding and periodic boundary conditions may lead to 

undesirable false discontinuities, the Neumann boundary condition that assumes values 

beyond the border are equivalent to the border values is utilized. 

 

The limitation of this explicit discretization scheme given in (4.10) is the requirement 

of stability which limits the time step to be no larger than 1/2D, where D is the number 
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of dimensions (i.e., 2=D  in this study) along which the gradients are calculated. As 

discussed in [62], iteration and multiscale processing have a similar effect as they both 

perform local operations to produce global effects. A multiscale iterative filter 

combines the advantages of both multiscale processing and iterative methods so that it 

needs much smaller number of iterations than that from single scale processing. The 

proposed LPND can be classified as a multiscale iterative method. Thus, the time step 

limitation (i.e., 25.0≤λ ) is not prohibitive in the LPND. When the image contains a 

large amount of speckle noise, the additive operator splitting (AOS) scheme [79] can be 

adopted to use a large time step. When the noise level is moderate, the explicit 

discretization scheme is preferred because a small diffusion time is needed in this case 

and a large time step allowed by the AOS scheme may affect the accuracy of solution.  

4.3.5 Automatic Determination of the Diffusion Stopping Time 

A diffusion filter is iterative. One challenge in diffusion filtering is to decide when to 

stop the diffusion process. In the described discrete algorithm, the diffusion coefficients 

( )Ic ∇1  and ( )Ic ∇2  would never drop to zero because the gradients as computed by 

finite differences are bounded by the difference between minimum and maximum 

intensity values in the original image. So given enough time, the process as computed 

by finite differences will converge to a single value. To get a nontrivial result from a 

diffusion filtering process, a single finite time which is equal to the product of time step 

and the number of iterations needs to be selected to stop the diffusion process. A small 

diffusion time gives more weights to the original image and keeps more noise and also 

image details untouched, while a large diffusion time will make the resultant image 
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close to the piecewise constant model that is inherent in the diffusion process. 

 

A diffusion process can be stopped manually by setting a fixed number of iterations. 

However, in real applications, different images may need different numbers of diffusion 

iterations. Thus, a mechanism to stop the diffusion automatically is preferred. Several 

criteria for estimating the optimal stopping time have been proposed. Weickert's 

relative variance [78] and Mrázek's decorrelation [59] criteria have been implemented 

and tested in this study. Although working well for conventional diffusion methods, 

they are inappropriate to be used for the LPND.  

 

Weickert's criterion is based on the fact that the relative variance ( )( ) ( )( )
( )0var

var
I
tItIr = , 

i.e., the ratio between the variance of diffused image at time t  and the variance of 

original image, should decrease monotonically from 1 to 0. Prescribing a threshold for 

( )( )tIr  will stop the diffusion automatically. Since different pyramid layers in the 

LPND have different noise levels, they need different thresholds. In practice, without 

any prior knowledge of the speckle noise variance, it is a challenging task to determine 

the different thresholds based on experience and trial-and-error.  

 

Mrázek's criterion is based on the correlation between the filtered image at time t  and 

the noise, which is assumed to be uncorrelated to the useful signal and can be estimated 

as the difference between the original image and the filtered image at time t : 
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               ( ) ( )( ) ( ) ( )( )
( )( ) ( )( )tItII

tItII
tItIIcorr

varvar
,cov

,
0

0
0

⋅−

−
=−             (4.13) 

This correlation should decrease first, that is to say, the noise is reduced, and increase 

later, implying the useful signal is to be affected. Thus, the diffusion should stop when 

the correlation reaches its minimum. However, this correlation does not have a unique 

minimum for the LPND since the lowest pyramid layer contains very little signal and is 

close to the degenerate case. Therefore, the decorrelation criterion is not suitable for 

determining the stopping time of the LPND. 

 

In the LPND, the stopping time is determined based on the mean absolute error (MAE) 

between two adjacent diffusion steps:         

              ( )( ) ( ) ( )
,

( , ) 1

1 , , , , 1
M N

i j
MAE I t I i j t I i j t

M N =

= − −
× ∑            (4.14) 

where ( )tjiI ,,  and ( )1,, −tjiI  are the filtered value of the pixel ),( ji  at time t  

and 1−t , and M  and N  are the number of columns and rows in the image, 

respectively.  

 

As discussed in [3] and the references therein, the convergence condition of a nonlinear 

diffusion process is dependent on the image size, the diffusion coefficient, and the 

numerical scheme. Some diffusion implementations will diverge whereas a convergent 

nonlinear diffusion process converges exponentially. To study the convergence of the 

proposed LPND, the MAE values from a four-layer LPND process (i.e., nonlinear 

diffusion is applied in three bandpass layers) with the above scheme on a real 

ultrasound liver image are plotted in Fig. 4.3. The time step is 0.2, and the number of 
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iterations is 100. This number of iterations far exceeds the necessary number of 

iterations to get a smooth image, and thus is considered enough for examining the 

convergence of the LPND. As shown in Fig. 4, the MAE value decreases exponentially 

with the number of iterations, and the diffusion iteration can be stopped by setting a 

threshold for the MAE value. 

 

Fig. 4.3. The convergence of MAE in the proposed LPND method. 

 

When the change between two adjacent diffusion steps is smaller than a prescribed 

threshold value, the diffusion filtering will stop automatically. Alternatively, this 

threshold for stopping the diffusion filtering can be adjusted by clinicians according to 

their preferences and different purposes for speckle reduction. For example, a user can 

adjust the smoothing level by changing the MAE value described in Eq. (4.14) to 

optimize the speckle reduction process for a specific clinical application. If speckle 

reduction is applied to improve the visual lesion detectability, a short diffusion time is 

suitable to remove noise without blurring fine structures and boundaries. If the speckle 

reduction technique is used as a preprocessing step before some image analysis tasks, 
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such as segmentation and classification, it can create more homogeneous regions and 

clear boundaries using a longer diffusion time. In clinical applications, clinicians are 

often afraid that important diagnostic details might disappear as well when performing 

speckle reduction. Therefore, to practically apply a speckle reduction technique in 

ultrasound imaging’s routine clinical use, it is desirable that clinicians be given the 

flexibility to adjust its smoothing level. The threshold for MAE provides clinicians 

such a flexibility to adjust the smoothing level of the LPND. 

 

 

Fig. 4.4. Flowchart of nonlinear diffusion in the proposed LPND method. 
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The flowchart of the nonlinear diffusion filtering in each LP layer is shown in Fig. 4.4. 

First the gradient threshold is estimated from the input image, which is a detailed image 

in the LP domain, using (4.9), (4.11) and (4.12). Then within each iteration of the 

nonlinear diffusion, a Gaussian lowpass filtering is performed on the image to be 

filtered. Following that, the image gradients are computed on the Gaussian lowpass 

filtered image using (4.11), and then the diffusion coefficients are computed by (4.7). 

Finally, the image is updated by (4.10). After evolving the image by a certain number of 

iterations, the diffusion is automatically stopped according to the MAE in (4.14). 

4.3.6 Computational Complexity of the LPND algorithm 

The computational complexity of the proposed LPND can be analyzed by dividing it 

into two parts. For a 2-D image of NM ×  pixels, the computational complexity of 

Laplacian pyramid decomposition and reconstruction is ( )NMO ×  (i.e., the order of 

NM × ). For the same image, the computational complexity of nonlinear diffusion is 

( )NMOidif ×⋅ , where difi  is the number of iterations. Using a four-layer 

decomposition as shown in Fig. 4.1, the computational complexity of the proposed 

LPND can be written as the sum of two main parts: one is Laplacian pyramid 

decomposition and reconstruction of an image of NM ×  pixels, and the other is three 

nonlinear diffusions on three images of different sizes (i.e., NM × , 
4

NM × , and 

16
NM × ). Therefore, the overall computational complexity of the LPND is 

( )NMOiii ×⋅





 +++

164
1 21

0 , where 0i , 1i , and 2i  are the numbers of iterations for 
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nonlinear diffusion in the first, second, and third layers of Laplacian pyramid (i.e., 0L , 

1L , and 2L  in Fig. 4.1), respectively. 

 

In our current implementation using the explicit disretization scheme and time step 

2.0=λ , and stopping diffusion automatically by the MAE criterion where the 

threshold for MAE is 0.005, it takes around 6 s (15, 27, and 45 iterations in the first, 

second, and third layers of Laplacian pyramid, respectively) for the LPND to process a 

266×512 unfiltered envelope-detected ultrasound image in Matlab® (Mathworks Inc., 

Natick, MA, USA) on a Pentium 4 (2.4 GHz) PC. By adopting the AOS scheme and 

time step 2=λ , the number of iterations for nonlinear diffusion in each layer of the 

Laplacian pyramid can be reduced to two. This number of iterations is comparable to 

the one discussed in [1], where a real-time implementation is achieved using the AOS 

scheme and three iterations of their diffusion process. 

4.4 Experimental Results and Comparisons 

To evaluate the performance of the LPND, simulation, phantom and in vivo studies 

were carried out. The simulation and phantom studies give quantitative performance 

analysis, and the in vivo study shows the usefulness of the proposed method in real 

applications. 

 

In each study, the performance of the LPND is compared with those of LP-based 

Wiener filter (LPW), Gaussian regularized nonlinear diffusion (ND), speckle reducing 

anisotropic diffusion (SRAD) [83], and the nonlinear coherent diffusion (NCD) [1]. 
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LPW uses Wiener filters at all passbands of an image pyramid. The Wiener filter was 

implemented using the built-in function "wiener2" in Matlab® (Mathworks Inc., Natick, 

MA, USA), and its filter window was set to be 7×7, 5×5, and 3×3 from the lowest 

pyramid layer to the second highest one. For both LPND and LPW, four decomposition 

layers and 9×9 binomial filters for both REDUCE and EXPAND operators were used. 

Using more layers did not guarantee improved performance. A smaller binomial filter 

window would blur image edges too much, whereas a larger binomial filter window 

would increase the computational complexity and did not improve performance much. 

In the ND, Eq. (4.5) was utilized for speckle reduction. Its gradient threshold was 

determined by (4.8). The diffusion coefficients for the LPND and ND were computed 

using (4.7), the standard deviation of Gaussian filter and time step were 1.0 and 0.2, 

respectively. The stopping time for LPND, ND, and NCD were all determined by the 

MAE given in Eq. (4.14), and the thresholds for the MAE were all 0.005. The SRAD 

needed a relatively small time step λ , which was set to 0.02. Its stopping time was 

also determined automatically by the MAE criterion, and the threshold for the MAE 

was 0.05, 0.1, and 0.2 to give optimal results for simulation, phantom, and in vivo 

studies, respectively. The coherence stopping level in NCD was set as 07.0=s  to 

achieve optimal coherence enhancement without introducing artifacts. Other 

parameters of SRAD and NCD were same as those used in [83] and [1] respectively. 

The LPND, LPW, ND, and NCD were implemented in homomorphic manners on the 

envelope-detected images, which were formed by computing 22
QI RRB += , where 

IR  and QR  are the in-phase and quadrature (I/Q) echo signals respectively. After 

taking the logarithm of the envelope-detected images, they were processed using the 
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LPND, LPW, ND, or NCD method, and finally an exponential transform of the 

processed data was performed. The SRAD was applied directly on the 

envelope-detected images, as proposed in [83]. 

4.4.1 Results from Simulation Study 

The five different speckle reduction methods (i.e., LPND, LPW, ND, SRAD, and NCD) 

were applied on simulated B-mode images, which were generated by considering the 

RF image to be the convolution of the 2D PSF of the ultrasound system with a 2D 

underlying echographic map, as adopted in [83]. Simulated images with different 

parameters were tested, and similar results were obtained in all these cases. Thus, only 

the results obtained with the following settings are presented: the center frequency was 

5 MHz, the pulse width was 1.2, the lateral beam width was 1.5, and the variance of the 

underlying complex Gaussian random field was 1.0. 

 

The echographic map of 256256×  pixels was presumably simulated as follows. A 

ventricular cavity, an artery interior and a vascular wall, a rectangular target, a bright 

circular target, a dark circular target, an elliptical target, three small cysts, and four 

point targets, whose mean values of the ultrasound cross sections are 2, 2.5, 20, 25, 18, 

3.5, 3, 1.5, and 40 respectively, were placed at different locations in the image. The 

mean value of background was set to 10. Figures 4.5(a) and 4.5(b) show the underlying 

echographic map and a simulated envelope detected image respectively. Both images 

are log-compressed and then normalized with the same function for display. The 

underlying echographic map was used as the reference image for calculating 
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quantitative measures. 

 

   

                    (a)                            (b)                         

      

                    (c)                            (d)                         

   

                    (e)                            (f)                         
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                   (g) 

Fig. 4.5. Simulated B-mode image and its filtering results. (a) Underlying echographic 

map. (b) Simulated speckled image. (c)-(g) Filtered images with LPND, LPW, ND, 

SRAD, and NCD. 

 

To quantify the achieved performance improvements, three metrics were computed 

based on the reference and the filtered images. One measure is MSE defined as  

                    ( )∑
=

−
×

=
NM

ji
jiSjiS

NM
MSE

,

1),(

2
),(),(ˆ1                (4.15)                 

where S  and Ŝ  are the reference and filtered images respectively, and M  and N  

are the number of columns and rows in the image respectively. 

 

To evaluate the performance of edge preservation, the second parameter β  as used in 

[2, 33, 68] is computed by  
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∆−∆∆−∆Γ⋅∆−∆∆−∆Γ









∆−∆∆−∆Γ

=
∧∧∧∧

∧∧

SSSSSSSS

SSSS

,,

,
β            (4.16) 

where S∆  and Ŝ∆ are the highpass filtered versions of S  and Ŝ , respectively, 
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obtained with a 3×3 standard approximation of the Laplacian operator, S∆  and S
∧

∆  

are mean values of pixels in the region of S∆  and Ŝ∆  respectively, and  

                    ( ) ( )∑
=

⋅=Γ
N

ji
jiSjiSSS

1),(
2121 ),(),(,                   (4.17) 

The range of β  is between [0 1], with unity for ideal edge preservation.  

 

The third measure, the structure similarity (SSIM) [77], is calculated to evaluate the 

overall processing quality. 
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               (4.18) 

where iµ  is the mean of image intensity, iσ  is the intensity standard deviation of 

pixels in a local window, and iC  is the constant to avoid instability. The SSIM is 

calculated between two images x  and y . All involved parameters were set as 

suggested in [77]. The range of SSIM value is also [0 1], with unity for ideal processing 

quality, i.e., when the filtered image is equal to the reference image. 

 

The CNR, which is sometimes referred as lesion signal-to-noise ratio [16, 75], was also 

computed by 

                           1 2

2 2
1 2

CNR
µ µ

σ σ

−
=

+
                      (4.19) 

where 1µ  and 2
1σ  are the mean and variance of the region of interest (ROI), and 2µ  

and 2
2σ  are the mean and variance of a background region that has the same size as 

the ROI to be compared with. Both the ROI and the background region were 

considered circular regions and manually selected.  
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The obtained values of MSE, β and SSIM from all the methods are summarized in 

Table 4.1. To reduce the sample bias in the random process of noise generation, the 

experiment was repeated 30 times under the same settings except the noise was 

simulated using different random seeds. Table 4.1 shows the mean and standard 

deviation values of the 30 samples. The results in Table 4.1 show that the proposed 

LPND outperforms all the other four methods in terms of MSE and SSIM, while ND, 

SRAD, and NCD achieve comparable β  values to LPND. The two-sided paired 

t-tests were conducted under the null hypothesis that there is no statistically significant 

difference between the β  values achieved by LPND, ND, SRAD, and NCD. A value 

of 05.0<p  was considered statistically significant. The β  values achieved by 

LPND are significantly different from those achieved by ND ( 510−<p ). However, 

there are no significantly difference between the β  values achieved by LPND and 

those by SRAD ( 0.1612=p ), and no significantly difference between the β  values 

achieved by LPND and those by NCD ( 0.8555=p ). 

 

The mean and standard deviation of CNR values from each method on the 30 simulated 

images are summarized in Table 4.2. The six ROIs in the reference image (i.e., Fig. 

4.5(a)) are marked in Fig. 4.6. The two-sided paired t-tests were conducted under the 

null hypothesis that there is no statistically significant difference between the CNR 

values obtained from the LPND and those from other four methods for each ROI. For 

ROI 1, 2, 3, 4, and 6, the hypothesis was rejected with 0.001<p . For ROI 5, LPND 

was also significantly different from LPW, ND and NCD ( 0.0011<p ). On the other 
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hand, no significant difference between LPND and SRAD was found for ROI 5 

( 0.5401=p ). 

 

TABLE 4.1 

 MSE, β , and SSIM values on 30 simulated images with the same speckle level 

 MSE β  SSIM 

Noisy 260.46± 7.15 0.0285± 0.0057 0.3922± 0.0038 

LPND 76.88± 3.11 0.1009± 0.0119 0.8107± 0.0038 

LPW  93.05± 3.53 0.0317± 0.0053 0.7535± 0.0049 

ND 86.38± 3.52 0.0805± 0.0189 0.7934± 0.0043 

SRAD 144.06± 4.68 0.0955± 0.0169 0.7290± 0.0039 

NCD 82.49± 2.96 0.1003± 0.0126 0.7992± 0.0039 

 

 

Fig. 4.6. Six regions of interests (ROIs) for calculating CNR in the simulation study. 

 

Figures 4.5(c)-(g) gives a visual comparison of their performances on the simulated 
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image in Fig. 4.5(b). All these filtered images are log-compressed and then normalized 

with the same function for display, so that they have the same dynamic range. 

Compared to the other approaches, LPND shows the most noise reduction while 

preserving small structures like the three small cysts and the four point targets. LPW 

does not give satisfactory speckle suppression. ND enhances edges but it does not keep 

correct edge locations. SRAD dilates bright regions and erodes dark regions. With the 

SRAD, the boundaries of bright regions are broadened and those of dark regions are 

shrunk. NCD enhances the edge coherence but cannot suppress enough noise. And the 

three small cysts and the four point targets are blurred as shown in Fig. 4.5 (g). 

 

TABLE 4.2  

CNR values on 30 simulated images with the same speckle level 

CNR ROI 1 ROI 2 ROI 3 ROI 4 ROI 5 ROI 6 

Original 1.37± 0.06 1.18± 0.06 0.71± 0.08 1.06± 0.07 1.04± 0.09 1.15± 0.05

LPND 4.73± 0.34 4.14± 0.33 2.29± 0.36 3.58± 0.49 2.68± 0.39 3.17± 0.27

LPW 3.07± 0.18 2.69± 0.21 1.51± 0.20 2.32± 0.29 2.00± 0.22 2.38± 0.19

ND 3.44± 0.25 3.03± 0.23 1.77± 0.25 2.64± 0.35 2.29± 0.29 2.43± 0.27

SRAD 3.34± 0.25 3.02± 0.25 1.97± 0.27 2.60± 0.31 2.62± 0.36 2.15± 0.22

NCD 3.65± 0.27 3.16± 0.24 1.85± 0.26 2.74± 0.35 2.38± 0.28 2.67± 0.28

 

4.4.2 Results from Phantom Study 

The five speckle reduction methods including the proposed LPND were applied on a 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 69

commercial gray scale phantom image (i.e., 403GS LE, Gammex RMI, USA). A 

sequence of I/Q data containing 30 frames was acquired using a commercial ultrasound 

machine (i.e., EUB-6000, Hitachi Medical Corp., Japan), equipped with a special 

programmable board for data acquisition. The programmable board was connected with 

a PC, and the acquired I/Q data were transferred to the PC for processing. The 

envelopes of the acquired data were used for testing all the five methods.  

 

    

                 (a)                               (b)                          

   

               (c)                                (d) 

   

                  (e)                               (f)                          

Fig. 4.7. Phantom image and its filtering results. (a) Original noisy image. (b)-(f) 

Filtered images with LPND, LPW, ND, SRAD, and NCD. 
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Figure 4.7 shows their results. For quantitative analysis, the CNR was computed on the 

filtered image. The results on the 30 frames are summarized in Table 4.3. ROIs 1-4 are 

the four contrast regions from left to right in the reference image as shown in Fig. 

4.7(a). They are a high scatter region relative to the background (ROI 1), a gray scale 

target of +6 dB (ROI 2), a gray scale target of -6 dB (ROI 3), and an anechoic cyst 

(ROI 4), respectively.  

 

TABLE 4.3  

CNR values on a phantom image sequence containing 30 different frames 

CNR ROI 1 ROI 2 ROI 3 ROI 4 

Original 1.80± 0.10 0.51± 0.08 1.52± 0.07 3.81± 0.13 

LPND 6.34± 0.81 2.17± 0.45 6.19± 0.57 6.86± 0.34 

LPW 4.45± 0.40 1.35± 0.26 4.28± 0.29 6.61± 0.33 

ND 5.57± 0.55 1.72± 0.33 5.06± 0.31 8.61± 0.56 

SRAD 5.93± 0.50 1.77± 0.32 5.11± 0.38 7.33± 0.74 

NCD 5.59± 0.58 1.76± 0.33 5.12± 0.31 8.07± 0.57 

 

For each ROI, the two-sided paired t-tests were conducted under the null hypothesis 

that there is no statistically significant difference between the CNR values achieved by 

LPND and the other four methods. For ROIs 1-3, the hypothesis between the CNR 

values from LPND and those from SRAD in ROI 1 was rejected by 0.023<p , and all 
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the other hypotheses were rejected by 310−<p . However, for ROI 4, which is an 

anechoic cyst, pyramid-based methods gave lower CNR values compared to 

diffusion-based methods. 

4.4.3 Results from In Vivo Study 

Two sequences of I/Q data were acquired from liver and carotid artery of a volunteer 

using 3.5-MHz linear and 7.5-MHz convex array transducers. The results from different 

frames are similar therefore only one of the frames from each set after scan conversion 

is used here for illustration. Fig. 4.8 shows the result on a liver image obtained using a 

3.5-MHz convex array transducer. To show the differences between them more clearly, 

a line presenting the pixel values on row 175 is highlighted, and the pixel values on this 

line from the original and filtered images are shown in Fig. 4.9. Fig. 4.10 shows that on 

a common carotid artery cross-sectional image obtained using a 7.5-Mhz linear array 

transducer operating at 10 MHz. The pixel values on column 180 from the original and 

filtered images are compared in Fig. 4.11. All the five methods were applied on the 

envelope-detected data.  

 

As can be seen from the Figs. 4.8 - 4.11, LPND preserves image edges and retains 

small structures while suppressing effectively the speckle noise in background. Due to 

its optimal noise reduction, LPND outperforms the other four methods, resulting in 

increased contrast and improved detectability of small structures in each image. All the 

other four methods have limited speckle reduction performance. ND shows sharper but 

jagged edges, and gives a relatively low contrast. SRAD has smeared out small 
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structures and edges before reaching a satisfactory noise reduction level. Although 

NCD enhances the coherence of organ surfaces, it also causes blurring of small 

structures, and the contrast of its output image is not as good as that of LPND. 

 

As can be seen from Figs. 4.8 - 4.11, LPND preserves image edges and small structures 

(e.g., the regions numbered 4, 5, and 6 in Figs. 4.9 and 4.11) while effectively 

suppressing speckle in background (e.g., the regions numbered 1, 2, and 3 in Figs. 4.9 

and 4.11). Due to its optimal noise reduction, LPND outperforms the other four 

methods, resulting in increased contrast and improved visibility of small structures in 

each image. All the other four methods have limited noise reduction performance. ND 

shows sharper but jagged edges and gives a relatively low contrast. SRAD broadens the 

boundaries of bright regions (the regions numbered 4, 5, and 6 in Fig. 4.11) and shrinks 

those of dark regions (the regions numbered 4 and 5 in Fig. 4.9). Although NCD 

enhances the coherence of organ surfaces, it also causes blurring of small structures, 

and the contrast of its output image is not as good as that of LPND. 

 

    

                 (a)                                (b)                          
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               (c)                                (d) 

   

                 (e)                                (f)                          

Fig. 4.8. Real ultrasound liver image and its filtering results. (a) Original noisy image. 

(b)-(f) Filtered images with LPND, LPW, ND, SRAD, and NCD. 

 

 (a) 
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                 (b)                                (c)  

  

               (d)                                 (e) 

 

                      (f)                                         (g)                         

Fig. 4.9. Profiles along the highlight line in the liver image. (a) Original noisy image 

showing the highlight line. (b)-(g) Profiles along the highlight line in the images 

filtered by LPND, LPW, ND, SRAD, and NCD. 
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                 (a)                                (b)                          

   

               (c)                                 (d)                   

  

                 (e)                                 (f)                          

Fig. 4.10. Real ultrasound carotid artery cross-sectional image and its filtered results. 

(a) Original noisy image. (b)-(f) Filtered images with LPND, LPW, ND, SRAD, and 

NCD. 
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(a) 

  

                 (b)                                (c)                          

  

               (d)                                  (e) 
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                      (f)                                         (g)                        

Fig. 4.11. Profiles along the highlight line in the carotid artery cross-sectional image. 

(a) Original noisy image showing the highlight line. (b)-(g) Profiles along the highlight 

line in the images filtered by LPND, LPW, ND, SRAD, and NCD. 

 

4.5 Conclusion and Discussion 

A new nonlinear diffusion method in LP domain for ultrasonic speckle reduction has 

been investigated. It consists of the following three steps. First, the input image is 

decomposed into its LP domain. Then, a regularized nonlinear diffusion process is 

performed in each pyramid layer except the highest one to remove the speckle. Finally, 

the diffused LP is reconstructed to get the despeckled image. An automatic estimation 

of the gradient threshold by MAD is also integrated in the LPND to make the algorithm 

practical. The MAE criterion that is used to stop the diffusion automatically offers the 

LPND the flexibility in adjusting its smoothing strength. 

 

The proposed LPND preserves edges and small structures while thoroughly removing 

speckles. From simulation and phantom studies, an average gain of 1.55 dB and 1.34 
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dB in CNR were obtained compared with SRAD and NCD, respectively. (The CNR 

gain in dB were calculated by 
)(

)(log20 10 NCDorSRADCNR
LPNDCNR ) The visual 

comparison of despeckled in vivo ultrasound images from liver and carotid artery 

shows that the proposed LPND method effectively suppresses speckles as well as 

preserves edges and detailed structures. These preliminary results indicate that the 

proposed speckle reduction method could improve image quality of medical ultrasound 

imaging through the improvement in CNR and also the detectability of small structures 

and fine details. Thus, it can be used for improving the diagnostic capability of current 

ultrasound imaging and enhancing the performance of computer-assisted diagnosis as 

well.  
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Chapter 5   Coupled Nonlinear Diffusion and Shock Filter 

in Laplacian Pyramid Domain for Ultrasound Image 

Enhancement 

5.1 Introduction 

In Chapter 4, a novel image processing method, LPND, has been introduced for speckle 

reduction. Extensive experiments have shown that applying nonlinear diffusion in 

Laplacian pyramid domain can reduce speckle noise effectively while preserving subtle 

features and details in ultrasound images. However, the nonlinear diffusion mainly acts 

as an edge-preserving process and cannot achieve satisfactory edge enhancement 

effects. Consequently, some important diagnostic features in the image may still be 

blurred by LPND. 

 

Conventional image enhancement algorithms only work well on images with well 

defined edges. When they are applied on ultrasound images that contain heavy speckle 

noise, conventional edge enhancement methods tend to amplify noise. One possible 

scheme to limit noise amplification is to apply image enhancement on the image 

filtered by a certain speckle reduction technique. Since the proposed LPND can reduce 

the speckle noise effectively with minimally degradation of useful features in the image, 

it may be a suitable candidate for this purpose. A long diffusion time may be set for the 

LPND to generate a smooth image, prior to performing image enhancement on the 

filtered image. However, there are two main limitations for such a scheme. First, some 

noise will be amplified if no additional measures are adopted to prevent it, because the 
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LPND (or any other speckle reduction techniques) cannot reduce all speckle noise. 

Second, if some faint edges in the image are blurred too much or even eliminated by 

the speckle reduction technique, it is almost impossible to restore them or enhance them 

to a satisfactory level. It is therefore desirable to perform denoising and edge 

enhancement simultaneously. Combining them into one process helps to solve the 

problems of amplifying noise and losing faint edges with low gradients. 

 

In this Chapter, such a combined speckle reduction and edge enhancement algorithm, 

i.e., Laplacian pyramid based nonlinear diffusion and shock filter (LPNDSF) will be 

introduced. The proposed LPNDSF uses a coupled nonlinear diffusion and shock filter 

process in the LP domain of an image. Speckle is suppressed by nonlinear diffusion 

while edges are enhanced by shock filter, of bandpass images in the LP domain. The 

nonlinear diffusion and shock filter is combined into one PDE, and applied as one 

coupled process. The ratio between shock filter and nonlinear diffusion is adaptive 

according to the local gradients. More shock filtering is allowed at locations where the 

local gradients are high, to achieve more enhancement on image edges. On the other 

hand, low local gradients represent smooth regions, where less shock filtering is 

performed to avoid enhancement of these regions and amplification of speckle noise. 

The superiority of LPNDSF will be evaluated by comparing it with LPND, NCD, and 

single-scale coupled nonlinear diffusion and shock filter (NDSF) on simulated and in 

vivo images.  
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5.2 Image Deblurring by Shock Filter 

In the PDE community, the nonlinear diffusion process has some sharpening effects, but 

it mainly acts as an edge-preserving noise reduction process and cannot achieve 

satisfactory edge enhancement effects. Another PDE-based method, shock filter, is a 

kind of well-known deblurring algorithm that behaves similarly to deconvolution [60]. 

The shock filter was first proposed by Kramer and Bruckner in a fully discrete manner 

[44]. The basic idea is to use a dilation operation around maxima and an erosion 

operation around minima. Whether a pixel belongs to the influence zone of a maximum 

or minimum is determined by the sign of its Laplacian. A negative Laplacian means that 

the pixel is in the influence zone of a maximum and vice versa. Iterating this process 

produces a segmentation-like result with piecewise constant segments that are separated 

by discontinuities, i.e., shocks. 

 

The term shock filter and the first continuous version based on PDEs were developed by 

Osher and Rudin [63]. The equation describing the shock filter is 

                       IIsign
t
I

∇∆−=
∂
∂ )( , ( ) 00 ItI ==                          (5.1) 

where I∇  is the gradient of the image I , and yyxx III +=∆ is the Laplacian operator.  

 

When a pixel is in the influence zone of a local maximum, its Laplacian is negative, so 

the above equation becomes I
t
I

∇=
∂
∂ . Evolution with this equation for time t  is equal 

to a dilation process with a disk-shaped structuring element of radius t . At the influence 

zone of a local minimum, the Laplacian is positive, so the equation becomes I
t
I

∇−=
∂
∂ , 
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which is equal to an erosion process with a disk-shaped structuring element of radius t  

[10]. 

 

It is shown in [63] that the image’s second derivative along the gradient direction ηηI  

with η  representing the gradient direction is a better edge detector than the Laplacian 

operator I∆ . However, this process is extremely sensitive to noise and thus has little 

practical use. In order to increase its robustness, a common idea is to replace the edge 

detector ηηI  by a lowpass filtered version [5]. Adopting a Gaussian filter for this 

purpose, the shock filter becomes 

                              IIGsign
t
I

∇∗−=
∂
∂ )( ηησ                           (5.2) 

where σG  is a Gaussian with standard deviation σ , and ∗  denotes convolution. 

 

Introducing a Gaussian filter will decrease the magnitudes of the inflection points caused 

by noise, but cannot eliminate them. Thus there will still be change of sign at these 

points, which will lead the flow to produce shocks [31]. Therefore, a better solution is to 

add a denoising part when using the shock filter for image deblurring. The common idea 

is to use a diffusion process together with the shock filter, with a certain weight between 

them [5]: 

                            ξξηησ cIIIGsign
t
I

+∇∗−=
∂
∂ )(                       (5.3) 

where c  is a positive constant, and ξ  represents the direction perpendicular to the 

gradient direction.  
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5.3 Laplacian Pyramid Nonlinear Diffusion and Shock Filter 

5.3.1 Basic Idea 

In the proposed speckle reduction and edge enhancement algorithm, both nonlinear 

diffusion and shock filter process are performed in the LP domain. The procedure of the 

proposed LPNDSF is summarized in Fig. 5.1. First, the image is decomposed into its GP 

(Gaussian pyramid) structure (i.e., 210 ,, GGG  and 3G  in Fig. 5.1) and LP structure 

(i.e., 210 ,, LLL  and 3L  in Fig. 5.1). Second, each bandpass image in the pyramid (i.e., 

10 , LL  and 2L  in Fig. 5.1) is evolved by a PDE that combines nonlinear diffusion and 

shock filter to reduce speckle noise and enhance image edges. And finally, the pyramid is 

reconstructed to get the enhanced image 0R . From Fig. 4.1 and Fig. 5.1, we can find the 

following main differences between the LPND and the LPNDSF. The LPND uses a 

nonlinear diffusion process in the LP domain, whereas the LPNDSF uses a coupled 

nonlinear diffusion and shock filter process in the LP domain. While both of them 

estimate the gradient threshold from details images in the LP domain, the LPNDSF also 

performs edge map estimation using images in the GP domain.   

 

The coupled nonlinear diffusion and shock filter in the second step can be represented by 

the following equation: 

                 ( )( ) ( )( ) IIGsignIcrIIcdiv
t
I

∇∗⋅∇−⋅−∇∇=
∂
∂ )(1 ηησ           (5.4) 

where ( ) ( )[ ]22 2exp kIGIc ∇∗−=∇ σ , and r  is the ratio between the nonlinear 

diffusion and the shock filter in the coupled process. When 0→r , the above equation 

becomes a P-M nonlinear diffusion; when ∞→r , it acts as a conventional shock filter 
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without smoothing. Both the term ( )( )Ic ∇−1  and the parameter r  are used to adjust 

the edge enhancement of the coupled process. They will be discussed in details later. 

 

The process in Eq. (5.4) is different from existing variations of combined diffusion and 

shock filter, such as those introduced in [5, 19, 43]. The method in [5], as described by 

Eq. (5.3), performs diffusion only in the direction perpendicular to the gradient. 

However, noise also exists along the gradient direction, especially in homogeneous 

regions. A certain amount of denoising is also needed in the gradient direction, and such 

a process was proposed in [43], where the diffusion is an anisotropic process, i.e., 

decomposed into the direction perpendicular to the gradient and the gradient direction. 

The nonlinear diffusion is preferred to the anisotropic diffusion, because the nonlinear 

diffusion performs better in homogeneous regions and at points of high curvature. 

Compared to the scheme in [19] which was originally proposed for image classification, 

the scheme in Eq. (5.4) has a higher flexibility and can result in more edge enhancement.   

 

As in the LPND method, the LPNDSF can be applied on the envelope signal after receive 

beamforming, on the signal after log-compression, or on the scan-converted image. 

When applied on the envelope signal, the LPNDSF is used in a homomorphic manner. If 

the LPNDSF is performed after log-compression or scan conversion in an ultrasound 

imaging system, it can be used directly with the three steps described above. 
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Fig. 5.1. Block diagram of the proposed LPNDSF method, including pyramid 

decomposition, coupled nonlinear diffusion and shock filter process, and pyramid 

reconstruction. 

5.3.2 Analysis of the Shock Filter in Pyramid Domain 

The most important step in the shock filter is to get correct locations of image edges. The 

accuracy of edge detection will greatly affect the performance of the shock filter. Taking 

noise mistakenly as edges will amplify noise, while missing some edges will prevent 

these edges from being enhanced. Replacing the edge detector ηηI  by its Gaussian 

lowpass filtered version may help to suppress noise amplification to some extent, but has 

a limited capability to solve this problem. Adopting a small filtering window for the 
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Gaussian convolution cannot reduce noise sufficiently, while a big filtering window will 

blur or even eliminate many image details and blurry edges.  

 

It is known that the bandpass images in the LP contain high and middle frequency 

components, a large part of which are contributed by noise and edges. To separate edges 

from noise in the LP is not a trivial task. As a matter of fact, calculating ηηI  and its 

lowpass filtered version on the bandpass images in the LP is not an effective approach to 

detect edges, and an alternative way is needed.  

 

A Gaussian pyramid (GP) is formed when decomposing an image into its LP domain. 

The GP contains a set of lowpass filtered versions of the original image at different sizes, 

and each layer of the GP has a same-sized counterpart in the LP. Since the GP contains 

less noise than the LP, edges can be detected by calculating ηηI  on each lowpass image 

in the GP domain, and the detected edge map can be used to control the shock filter on 

the corresponding bandpass image in the LP domain. 

 

Though the lowpass images in the GP contain less noise than the bandpass images in the 

LP, these lowpass images are not noise-free. Therefore, detecting edges directly from the 

images in the GP will take some noise mistakenly as edges. To limit noise amplification, 

the images in the GP need to be smoothed before calculating its ηηI . At the same time, 

there is also a concern that some blurry edges may be eliminated during the smoothing 

process and consequently they will not be detected and enhanced. Taking these into 

consideration, nonlinear diffusion is performed on the images in the GP and edges are 
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detected on the diffused images to control the shock filter in the LP. The nonlinear 

diffusion in the GP domain is performed together with the coupled nonlinear diffusion 

and shock filter process in the LP domain, and the detected edge map is updated 

iteratively from the GP. Detecting edges from the diffused images in the GP guarantees 

that most edges especially those with low gradients are enhanced while noise 

amplification is limited.   

 

The term ( )( )Ic ∇−1  is utilized to control the edge enhancement strength of the shock 

filter in Eq. (5.4). With such a monotonically increasing function of I∇ , more edge 

enhancement is encouraged in regions containing large image gradients and discouraged 

across regions containing small image gradients. The parameter r  given in Eq. (5.4) is 

set by experience. The following guidelines are given to help tune this parameter. To 

avoid noise amplification, a small value of r  should be used for the lowest layer (i.e., 

the finest scale) of the LP, since most noise exists in this layer. To enhance blurry edges, 

a relatively large value of r  is desired in the second layer of the LP. To prevent smooth 

regions from being enhanced, relatively small values of r  should be used in higher 

layers of the LP. 

5.3.3 Discretization Scheme 

The proposed process as shown in (5.4) is a PDE-based method, and needs to be 

discretized for implementation. As mentioned in [19], the discretization of a coupled 

nonlinear diffusion and shock filter process is not straightforward. If the image gradient 

in the shock filter is discretized by centered directional differences, the stability of such 
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a process is not guaranteed. Therefore, the nonlinear diffusion and shock filter in (5.4) 

are discretized by different schemes. For the nonlinear diffusion part, the same 

discretization scheme as presented in Section 4.3.4 is followed and thus omitted here; 

for the shock filter part, the non-centered scheme proposed by Osher and Rudin [63] is 

adopted as described below. 

 

The image gradient is defined by                                                 

                          ( ) ( ) ( ) 22 ,,, ji jiDIjiDIjiI +=∇                      (5.5a) 

                          ( ) ( ) ( )( )jiIjiImjiDI ii
i ,,,, −+ ∆∆=                       (5.5b) 

                          ( ) ( ) ( )( )jiIjiImjiDI jj
j ,,,, −+ ∆∆=                       (5.5c) 

where  

                          ( ) ( ) ( )( )jiIjiIjiIi ,,1, −±±=∆±                        (5.6a) 

                          ( ) ( ) ( )( )jiIjiIjiIj ,1,, −±±=∆±                        (5.6b) 

and ( )yxm ,  is the minmod function 

                   ( ) ( )




≤
>⋅

=
00
0,min)(

,
xyif
xyifyxxsign

yxm                    (5.7) 

 

The second derivative along the gradient direction is given by  

                       ( ) ( )22 2 yyyyxxyxxx IIIIIIII ++=ηη                        (5.8) 

where the first order derivatives xI  and yI , and the second order derivatives xxI , xyI , 

and yyI  are approximated by standard finite directional differences: 

             ( ) ( )( ) ( ) ( )( )jiIjiIjiIjiII WEx ,,
2
11,1,

2
1

∇−∇=−−+=               (5.9) 

             ( ) ( )( ) ( ) ( )( )jiIjiIjiIjiII NSy ,,
2
1,1,1

2
1

∇−∇=−−+=              (5.10) 
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            ( ) ( ) ( ) ( ) ( )jiIjiIjiIjiIjiII EWxx ,,,21,1, ∇+∇=−−++=            (5.11) 

           ( ) ( ) ( ) ( ) ( )jiIjiIjiIjiIjiII SNyy ,,,2,1,1 ∇+∇=−−++=             (5.12) 

                      ( ) ( )( )jiIjiII xxxy ,1,1
2
1

−−+=                            (5.13) 

 

For both nonlinear diffusion and shock filter, the Neumann boundary condition is 

utilized. The time step is limited to be no larger than 0.25.  

 

The flowchart of the coupled nonlinear diffusion and shock filter used in the proposed 

LPNDSF is summarized in Fig. 5.2. Within each iteration of the coupled process, a 

lowpass image in the GP is first filtered by a nonlinear diffusion process represented by 

(4.7) and (4.9)-(4.12). Then the filtered lowpass image’s second derivative along the 

gradient direction ηηI  is calculated using (5.8)-(5.13); and the term ( )( )Ic ∇−1  is 

also calculated on the filtered lowpass image, using (4.12) to get the gradient of the 

filtered lowpass image, (4.9) to get the gradient threshold, and (4.7) to compute ( )Ic ∇ . 

At the same time, (5.5)-(5.7) are computed on the corresponding bandpass image in the 

LP which has the same size as the lowpass image in the GP, and the image gradients 

obtained are utilized to calculate the term IIGsign ∇∗ )( ηησ  in (5.4). The nonlinear 

diffusion process represented (4.7) and (4.9)-(4.12) is also computed on the bandpass 

image in the LP domain. And at last, the bandpass image in the LP domain is updated 

using (5.4). The coupled process will stop automatically after a certain number of 

iterations, according to the MAE setting in (4.14).  
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Fig. 5.2. Flowchart of the coupled nonlinear diffusion and shock filter in the proposed 

LPNDSF method. 

5.3.4 Convergence of The Proposed LPNDSF 

To study the convergence of the proposed LPNDSF, the MAE values from a four-layer 

LPNDSF process (i.e., coupled nonlinear diffusion and shock filter process was applied 

on three bandpass layers) with the above scheme on a real ultrasound liver image are 

plotted in Fig. 5.3. The time step was 0.2 and the number of iterations was 100. This 

number of iterations far exceeds the necessary number of iterations to get a smooth 

image, and thus is considered enough for examining the convergence of the LPND. As 
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shown in Fig. 5.3, the MAE value decreases exponentially with the number of iterations. 

Therefore, the iteration can be stopped by setting a threshold for the MAE value. 

 

 

Fig. 5.3. The convergence of MAE in the proposed LPND method. 

 

5.4 Experimental Results and Comparisons 

To evaluate the performance of the LPNDSF, simulation study using 

computer-generated images and in vivo study using clinical images were carried out. 

The simulation study gives quantitative performance analysis, and the in vivo study 

shows the usefulness of the proposed method in real applications. 

 

In each study, the performance of LPNDSF was compared with that of three 

recently-developed diffusion-based methods, i.e., speckle reducing anisotropic 

diffusion (SRAD) [83], nonlinear coherent diffusion (NCD) [1], and Laplacian pyramid 

based nonlinear diffusion (LPND). The involved parameters were adjusted to give 
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optimal results for each method. For LPNDSF and LPND, four decomposition layers 

and 9× 9 binomial filters for REDUCE and EXPAND operators were used. The 

Gaussian kernel to smooth second derivative along the gradient direction in the shock 

filter part of the LPNDSF was 1.0. The weights between shock filter and nonlinear 

diffusion in LPNDSF were 0.1, 1, and 0.1 for the first, second and third layer, 

respectively. The diffusion coefficient for LPNDSF and LPND was computed by (4.7) 

where the standard deviation of Gaussian filter was 1.0. The coherence stopping level 

in NCD was set as 07.0=s  to achieve optimal coherence enhancement without 

introducing artifacts. The time step for LPNDSF, NCD, and LPND was 0.2. The 

stopping time for the three methods was determined by the MAE criterion given in 

(4.14), and the threshold for the MAE was 0.0025 for LPNDSF, and 0.005 for NCD 

and LPND. The SRAD needed a relatively small time step, which was set to 0.02. Its 

stopping time was also determined by the MAE criterion, and the threshold for the 

MAE was 0.05 and 0.2 for simulation and in vivo studies respectively. Other 

parameters of SRAD and NCD were same as those used in [83] and [1]. 

 

All the four methods were implemented in homomorphic manners on the envelope 

detected images. We took the logarithm of the envelope-detected images, processed it 

using the LPNDSF, LPND or NCD method, and finally performed exponential 

transform of the processed data. The logarithm operation was used to change the 

speckle in the envelope-detected images from multiplicative noise to additive noise. 

The SRAD was applied directly on the envelope-detected images as proposed in [83].  
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5.4.1 Results from Simulation Study 

The four different ultrasound image enhancement methods (i.e., LPNDSF, LPND, 

SRAD, and NCD) were applied on simulated B-mode images, as adopted in Section 

4.4.1. Images with different simulating parameters were tested, and similar results were 

obtained in all these cases. Thus, we only present the result obtained with the following 

parameters: the center frequency was 5 MHz, the pulse width was 1.2, the lateral beam 

width was 1.5, and the variance of the underlying complex Gaussian random field was 

1.0. The simulated echogeneity map of 256256×  pixels was the same as adopted in 

Section 4.4.1. Figures 5.3 (a) and (b) show the underlying echographic map and a 

simulated envelope detected image respectively. Both images are log-compressed and 

then normalized with the same function for better visualization. The echogeneity map 

was used as the reference image for calculating quantitative measures. 

 

To quantify the achieved performance improvements, four metrics MSE, β , SSIM, 

and CNR as used in Section 4.4.1were computed on the reference and filtered images. 

The obtained values of MSE, β  and SSIM from all the methods are summarized in 

Table 5.1. To reduce the sample bias in the random process of noise generation, the 

experiment was repeated 50 times under the same parameter settings except that the 

noise was simulated using different random seeds. Table 5.1 shows the mean and 

standard deviation values obtained from the 50 samples. The results in Table 5.1 show 

that the proposed LPNDSF outperformed the other three methods in terms of all the 

three metrics. The two-sided paired t-tests were conducted under the null hypotheses 
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that there are no statistically significant differences between the MSE, β  and SSIM 

values achieved by LPNDSF, LPND, SRAD, and NCD. A value of 05.0<p  was 

considered statistically significant. All the hypotheses were rejected at very high level 

( 710p −< ). 

TABLE 5.1 

 MSE, β , and SSIM values on 50 simulated images with the same speckle level 

 MSE β  SSIM 

Noisy 257.76± 5.92 0.0267± 0.0051 0.3926± 0.0034 

LPNDSF 72.90± 2.61 0.1249± 0.0119 0.8212± 0.0035 

LPND  75.96± 2.65 0.0998± 0.0109 0.8113± 0.0035 

SRAD 142.63± 3.91 0.0912± 0.0203 0.7299± 0.0034 

NCD 81.22± 2.90 0.1005± 0.0138 0.8005± 0.0039 

 

The mean and standard deviation of CNR values from each method on the 50 simulated 

images are summarized in Table 5.2. The six ROIs in the reference image (i.e., Fig. 

5.4(a)) are marked in Fig. 4.6. The two-sided paired t-tests were conducted under the 

null hypothesis that there is no statistically significant difference between the CNR 

values obtained from LPNDSF and those from the other three methods for each ROI. A 

value of 05.0<p  was considered statistically significant. The results from LPNDSF 

were significantly different from those from SRAD and NCD for all the six ROIs 

( 310p −< ). Compared to LPND, LPNDSF gave significantly higher CNR values for 

ROI 1-5 ( 410p −<  for ROI 1-3 and 0.007p <  for ROI 4-5) and gave comparable 
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CNR values for ROI 6 ( 0.61p = ).  

TABLE 5.2  

CNR values on 50 simulated images with the same speckle level 

CNR ROI 1 ROI 2 ROI 3 ROI 4 ROI 5 ROI 6 

Original 1.37± 0.06 1.19± 0.05 0.75± 0.07 1.05± 0.08 1.03± 0.08 1.16± 0.06 

LPNDSF 4.99± 0.41 4.48± 0.42 2.80± 0.41 3.90± 0.58 2.95± 0.43 3.19± 0.42 

LPND 4.64± 0.34 4.09± 0.34 2.46± 0.33 3.61± 0.48 2.69± 0.35 3.23± 0.32

SRAD 3.30± 0.25 2.99± 0.24 2.17± 0.29 2.65± 0.32 2.63± 0.38 2.15± 0.22 

NCD 3.62± 0.26 3.14± 0.25 2.04± 0.27 2.80± 0.37 2.44± 0.30 2.69± 0.24 

 

Figures 5.4(c)-5.4(f) give a visual comparison of their performance on the simulated 

image in Fig. 5.4(b). All these filtered images are log-compressed and then normalized 

with the same functions, so that they have the same dynamic range. Compared to the 

other methods, LPNDSF reduced more noise in homogeneous areas and also preserved 

better small structures such as the three small cysts and the four point targets. In 

addition, LPNDSF showed clearer boundaries of the objects. The LPND suppressed 

more speckle noise than SRAD and NCD, and preserved small structures better than 

these two methods, but the LPND did not enhance the blurry boundaries in the image. 

The SRAD dilated bright regions and eroded dark regions. The NCD blurred the three 

small cysts and the four point targets and only enhanced sharp edges such as the 

synthetic artery walls.  
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                        (a)                                    (b) 

    

                  (c)                              (d)                         

    

                  (e)                              (f)                         

Fig. 5.4. Simulated B-mode image and its filtering results. (a) Underlying echographic 

map. (b) Simulated speckled image. (c)-(f) Filtered images with LPNDSF, LPND, 

SRAD, and NCD. 
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5.4.2 Results from In Vivo Study 

Five sequences of I/Q data were acquired from liver, carotid artery and kidney of a 

volunteer using 3.5-MHz linear and 7.5-MHz convex array transducers. The results are 

similar for all these cases. Here, one sequence of liver images and one sequence of 

kidney images that contain fuzzy edges are selected, since these images are good 

candidates for demonstrating the edge enhancement performance of a filter. 

Furthermore, Canny edge detector [36] was applied on filtered images to show their 

corresponding edge maps. It may be valuable to evaluate the performance of LPNDSF 

on edge enhancement using more sophisticated edge detection techniques like 

deformable models. However, most of these techniques are also based on simple edge 

information such as gradients, as in Canny edge detection. Therefore, using Canny edge 

detection for evaluation is meaningful. 

 

All the four methods were applied on the envelope-detected images. To achieve better 

edge enhancement results, the weights between shock filter and nonlinear diffusion 

were set to be 0.1, 5, and 0.1 for the first, second, and third layer respectively. All the 

other parameters of each method used the same values as in the simulation study. The 

Canny edge detector was implemented using the built-in function “edge” in Matlab and 

the same parameters were used on the images filtered using the four methods. The 

results of applying the four methods on a liver image obtained by a 3.5-MHz convex 

array are given in Fig. 5.5, and their corresponding detected edges are shown in Fig. 5.6. 

The results on a kidney image obtained by a 7.5-MHz linear array operating at 10 MHz 
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and their detected edges are shown in Fig. 5.7 and Fig. 5.8 respectively.  

 

Observing the filtered images in Figs. 5.5 and 5.7, it can be found that LPNDSF could 

enhance the image edges without resulting in noticeable noise amplification effect. It 

revealed blurry edges and generated smooth boundaries. In addition, the overshoot 

artifacts were not observed in the images filtered by LPNDSF. Both LPNDSF and 

LPND can suppress speckle noise thoroughly. LPND blurred fuzzy edges with low 

gradients, while LPNDSF gave sharper edges. Both NCD and NDSF did not reduce 

speckle noise to a satisfactory level. As shown in Figs. 5.5(d)(e) and Figs. 5.7(d)(e), 

their filtered images contained some blocks, indicating that much speckle noise existed 

in the filtered images. NCD only enhanced the coherence of some boundaries. 

Compared to the images filtered by LPND, there was no obvious edge enhancement 

effect in the images filtered by NCD. Though NDSF gave sharper edges than LPND 

and NCD, it generated jagged boundaries like those produced by the conventional ND. 

This is predictable, since NDSF is based on ND and both are single-scale methods that 

cannot perform effectively on ultrasound images containing heavy speckle noise. 

Comparing the filtered images and the original images, the blurry edges that are unclear 

in the original images are easier to be observed in the images filtered by LPNDSF. Due 

to the heavy speckle noise inherent in ultrasound images, some weak edges are hardly 

recognizable in the original images. Of the four methods, only LPNDSF can make 

those weak edges visually clearer in the filtered images.  

 

Though there is no ideal edge map for these in vivo images, comparison of their Canny 
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edge detected images as shown in Figs. 5.6 and 5.8 can be used to evaluate the 

performance of the four filtering methods. The original images are so noisy that it is 

hard to recognize any clear boundaries after applying Canny edge detection on them. 

All the filtering methods reduce noise and thus make the boundaries easier to be 

recognized by a computer. Among the four edge maps detected from the filtered images, 

the boundaries obtained from LPNDSF were the most continuous and complete. All the 

other three methods produced broken and incomplete boundaries. Since LPND reduced 

speckle well, its errors caused by classification of noise as edges were relatively smaller 

than the other methods. But some boundaries in its filtered images were not clear, and 

thus the detected edge maps were not complete in Fig. 5.6(c) and Fig. 5.8(c). Both 

NCD and NDSF left much speckle in the images, and introduced more classification 

errors in their edge-detected images. This comparison of their edge detection results 

validates the superiority of LPNDSF over the other three methods.  

 

The LPNDSF is computationally more complex than the other methods in the 

experiments, due to the fact that it combines two iterative PDE-based methods and 

needs both Laplacian and Gaussian pyramids to control filtering process. In the current 

implementation using the explicit disretization scheme and time step λ = 0.2 and 

stopping the process automatically by the MAE criterion where the threshold for MAE 

is 0.005, it takes around 16 s for LPNDSF to process a 266×512 unfiltered envelope 

detected image in Matlab on a Pentium 4 (3.2GHz) PC, while it takes about 6 s for 

LPND, 18 s for SRAD and NCD. Adopting a larger time step and parallel computing of 

filtering in Laplacian and Gaussian pyramids will speed up the calculations.  
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(a) 

  

                 (b)                                 (c)  

   

                 (d)                                (e) 

Fig. 5.5. Real ultrasound liver image and its filtering results. (a) Original noisy image. 
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(b)-(e) Filtered images with LPNDSF, LPND, SRAD, and NCD. 

 

(a) 

  

               (b)                                (c)       

  

                 (d)                                (e)     

Fig. 5.6. Edge detection results on the images shown in Fig. 5.5.  
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(a) 

  

                (b)                                (c)             

   

                 (d)                                (e)                  

Fig. 5.7. Real ultrasound kidney image and its filtering results. (a) Original noisy 
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image; (b)-(e) Filtered images with LPNDSF, LPND, SRAD, and NCD. 

 

(a) 

  

               (b)                                 (c) 

  

                 (d)                                (e)              

Fig. 5.8. Edge detection results on the images shown in Fig. 5.7.  
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5.4.3 Temporal Consistency  

Because the LPNDSF does not use any temporal information over frames, the temporal 

consistency of its enhancement effect should be studied to ensure that no temporal 

artifacts are introduced. Two experiments were conducted as suggested in [9]. 

First, the spatial correlation curves for the image sequences denoised by LPND and 

those for the corresponding sequences enhanced by LPNDSF were compared. The 

correlation coefficient was computed between consecutive frames. As mentioned in [9], 

if the enhancement is consistent and no temporal artifacts are introduced, the evolution 

of the spatial correlation curves over time should be same. The correlation curves for a 

sequence of 90 liver images, those for a sequence of 70 kidney images, and those for a 

sequence of 40 carotid artery cross-sectional images are shown in Figs. 5.9(a), (b), and 

(c) respectively. To study the temporal consistency of the enhancement effect more 

fully, the spatial correlation for the sequences enhanced by LPNDSF were calculated 

under four different enhancement levels, with the following four sets of weights 

between shock filter and nonlinear diffusion for the first, second, and third layer: (0.1, 1, 

0.1), (0.1, 5, 0.1), (1, 1, 1), and (1, 5, 1). Fig. 5.9 illustrates that the curves for LPND 

and LPNDSF evolve similarly over time, meaning that the temporal correlations of the 

LPND-denoised images are well preserved by LPNDSF. In Fig. 5.9, deep spikes appear 

when there are relatively big differences (i.e., tissue movements) between two 

consecutive frames. 
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(c) 

Fig. 5.9. Evolution of spatial correlation coefficients between consecutive frames over 

time. (a) Sequence 1, 90 liver images; (b) Sequence 2, 70 kidney images; (c) Sequence 

3, 40 carotid artery cross-sectional images.  

Note: “LPNDSF, (0.1, 1, 0.1); 0.9429” (as in Fig. 5.9(a)) represents the curve obtained 

when the weights between shock filter and nonlinear diffusion were 0.1, 1, and 0.1 

from the first to the third layer respectively, and its correlation coefficient with the 

LPND-denoised curve is 0.9429. 

 

In the second experiment, the spatial correlations between the LPND-denoised images 

and the LPNDSF-enhanced images were computed for each frame. If no temporal 

artifacts are introduced by LPNDSF, the spatial correlations between the denoised 

images and the enhanced images should be almost constant for all the frames. Table 5.3 
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gives the mean and standard deviation of this measure on the three sequences, with 

sequence 1 consisting of 90 liver images, sequence 2 consisting of 70 kidney images 

and sequence 3 consisting of 40 carotid artery cross-sectional images, respectively. The 

small values of the standard deviations indicate that the enhancement effect of 

LPNDSF is temporally consistent.   

 

TABLE 5.3 

Spatial correlation between the denoised images and the enhanced images 

(r0, r1, r2) (0.1, 1, 0.1) (0.1, 5, 0.1) (1, 1, 1) (1, 5, 1) 

Sequence 1 0.9824± 0.0031 0.9766± 0.0037 0.9629± 0.0055 0.9579± 0.0059

Sequence 2 0.9747± 0.0068 0.9669± 0.0086 0.9570± 0.0082 0.9511± 0.0090 

Sequence 3 0.9806± 0.0015 0.9664± 0.0017 0.9589± 0.0022 0.9455± 0.0023

 

5.5 Conclusion and Discussion 

In this Chapter, a new speckle reduction and edge enhancement method has been 

introduced. The proposed LPNDSF consists of the following three steps. First, the input 

image is decomposed into its GP and LP domain. Then, a coupled nonlinear diffusion 

and shock filtering process is performed in each LP layer except the highest one. The 

nonlinear diffusion is mainly used for speckle reduction, and the shock filter is for edge 

enhancement. The threshold in the nonlinear diffusion is estimated automatically from 

the images in the LP domain, and the GP is utilized to obtain an edge map to control 

the shock filter in the LP. Finally, the processed LP is reconstructed to give the output.  
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The parameters for the LPNDSF can be divided into three groups: the parameters for 

the nonlinear diffusion, those for the shock filter, and the ratio between shock filter and 

nonlinear diffusion. The first two groups can be fixed as constants for images acquired 

under similar conditions. On the other hand, the ratios between the two processes need 

to be adjusted to achieve optimal results for different images. Generally, small details 

and edges having high gradients exist in fine scales, while fuzzy boundaries 

representing the general structure of the image exist in coarse scales. For those images 

where diagnostic interests are mainly small details, more emphases on shock filter in 

fine scales can improve the detectability of these small details and give sharper edges. 

Usually, fuzzy boundaries need to be enhanced, rather than the sharp edges that are 

already easy to be detected. In this situation, a relatively large weight on shock filtering 

is desired in coarse scales, which contain the fuzzy boundaries of interests. In the 

conducted experiments, it usually gives good results by allowing more shock filter in 

the second finest layer of the LP, where fuzzy boundaries mainly exist. However, the 

optimal value for the ratio between shock filter and nonlinear diffusion in this layer 

varies for different images. 

 

The superior performance of the LPNDSF indicates that it has the potential of helping 

clinicians in making diagnosis visually. With the speckle reduced and edge enhanced 

images, clinicians may find additional diagnostic information that is hidden in the 

original images. Because it can enhance image edges while reducing speckle noise 

thoroughly, the proposed LPNDSF can also serve as a preprocessing step in computer 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 109

assisted image analysis tasks, such as segmentation, classification and quantitative 

measurements. A better result can be achieved by performing these image analysis tasks 

on the LPNDSF filtered images than conducting them directly on the original images. 
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Chapter 6       Conclusions and Recommendations 

6.1 Conclusions 

This thesis has concentrated on utilizing digital image processing techniques to reduce 

speckle noise and improve the image quality of ultrasound imaging systems. Two 

partial differential equation (PDE) based algorithms within the Laplacian pyramid 

framework have been proposed. These are Laplacian pyramid based nonlinear diffusion 

(LPND) for speckle removal, and Laplacian pyramid based nonlinear diffusion and 

shock filter (LPNDSF) for simultaneous speckle removal and edge enhancement. 

 

The LPND algorithm first decomposes an image into its Laplacian pyramid domain, 

before applying nonlinear diffusion filtering to each detail image in the Laplacian 

pyramid domain. After decomposing an image into its pyramid structure of decreasing 

frequencies, the main noise and useful signal components of the image exist in different 

layers because their frequency characteristics are different. Therefore, performing 

spatial adaptive filtering to each detailed pyramid layer can suppress noise without 

degrading slow varying signal too much. For nonlinear diffusion in each detailed 

pyramid layer, a formula has been developed to automatically estimate the optimal 

gradient threshold from the image, by a variation of median absolute deviation 

estimator. The proposed algorithm has been validated using simulated images, phantom 

images, and clinical ultrasound images. It can suppress speckle effectively while 

preserving important features and details in ultrasound images. Compared with other 

speckle reduction schemes including the recently proposed speckle reducing 

anisotropic diffusion (SRAD) [83] and nonlinear coherent diffusion (NCD) [1], LPND 

performs better in terms of noise reduction and overall image quality improvement. 
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While in terms of edge preservation, LPND is comparable to NCD and performs better 

than the conventional nonlinear diffusion and SRAD. The proposed LPND is also 

capable of providing further improvement on the contrast-to-noise ratio than the 

conventional nonlinear diffusion, SRAD, and NCD.  

 

Although LPND has demonstrated its superior performance in reducing speckle noise 

and preserving important image features such as edges and small structures, it has a 

limited capability in enhancing image edges. Conventional image enhancement 

algorithms can only work well on images with well defined edges. When they are 

applied to ultrasound images that contain heavy speckle noise, they tend to amplify the 

noise. To improve the image quality further, LPNDSF has been developed by utilizing 

another PDE based method, the shock filter, which is a classical technique for image 

deblurring. The proposed LPNDSF uses a coupled nonlinear diffusion and shock 

filtering process in the Laplacian pyramid domain. The nonlinear diffusion part in the 

coupled process is mainly used for speckle reduction, same as in LPND. The shock 

filter part is added to enhance edges, and is controlled by an edge map derived from the 

Gaussian pyramid. The nonlinear diffusion and shock filter is combined into a PDE and 

applied simultaneously to the image, and the ratio between them is dynamically 

adjusted according to the local gradients. Experimental results from simulated and 

clinical ultrasound images have shown that LPNDSF has a better edge enhancement 

capability than LPND while both of them are effective in suppressing speckle noise. 

Quantitatively, LPNDSF results in more accurate edge localization and steeper edge 

slopes than LPND. Qualitative studies through application of Canny edge detector on 

the filtered clinical images demonstrate that LPNDSF can reveal unclear edges and 

present more complete and smooth boundaries. No similar methods have been found in 

the literature to achieve speckle reduction and edge enhancement simultaneously on 
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ultrasound images. The NCD algorithm [1] can enhance the coherence of prominent 

edges when removing speckle, but its speckle reduction effect is not as thorough as the 

proposed LPNDSF and its edge enhancement effect is not as effective as LPNDSF. 

Besides, both LPND and LPNDSF achieve better performance than NCD in retaining 

subtle features such as small cysts and lesions in ultrasound images.  

 

In conclusion, the proposed speckle reduction and edge enhancement methods have the 

potential to improve the diagnostic capability of ultrasound imaging. They are 

promising to help clinicians in visual diagnoses and to enhance the performance of 

computer-assisted tasks such as image segmentation, classification and quantitative 

measurements as well. 

6.2 Recommendations for Further Research 

More work is needed to extend the research presented here to useful real applications. 

Three areas of further research have been identified. 

6.2.1 Further Evaluation on Clinical Ultrasound Images 

The proposed algorithms have only been tested on the following limited sets of images: 

a series of simulated images, two image sequences from a multipurpose phantom, and 

six sequences of in vivo images from human liver, kidney, and carotid artery. More 

tests should be carried out with a variety of clinical ultrasound images and comparisons 

of the obtained results should be made with other speckle reduction techniques to 

validate the superiorities and also to find out the limitations, if any, of the proposed 

algorithms. Collaboration with clinicians is important in the evaluation process. Only 

with the feedback from clinicians, the usefulness of the proposed algorithms can be 

confirmed.  
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6.2.2 Extending to 3D Domain 

Three dimensional (3D) medical ultrasound imaging has drawn more and more 

attention in recent years. Conventional 2D ultrasound imaging systems have limitations 

in quantifying the volume of structures of interests in human body. The 3D ultrasound 

imaging systems can tackle this problem. However, 3D ultrasound imaging also suffers 

from speckle noise, which increases the difficulty for subsequent image segmentation 

and volume quantification. A simple way to achieve speckle reduction and edge 

enhancement for a 3D image is to perform speckle reduction and edge enhancement on 

each 2D slice in the 3D image. But block artifacts may arise in the direction 

perpendicular to the slices, since no information between adjacent slices is utilized in 

this simple scheme. A more effective approach is to develop a 3D speckle reduction 

and edge enhancement method which works directly on volume data instead of slices. 

In this way, information between slices can be explored, and artifacts can be reduced.  

 

A 3D speckle reduction and edge enhancement method can be developed based on the 

proposed 2D algorithms introduced in this thesis. As mentioned in [30], the Laplacian 

pyramid technique for 2D images can be extended easily to 3D volume data, by 

replacing 2D Gaussian lowpass filters with 3D Gaussian lowpass filters for REDUCE 

and EXPAND operators. Both nonlinear diffusion and shock filter are based on the well 

studied areas of PDE and numerical analysis, and thus not difficult to be extended to 

3D domain. However, extensive experiments on clinical 3D ultrasound images need to 

be conducted, to validate the proposed automatic determination of the gradient 

threshold using a variation of MAD estimator in the 3D domain.  
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6.2.3 Optimization for Real-time Implementation 

Since the ultimate goal is to implement the speckle reduction and edge enhancement 

algorithms into a real medical ultrasound system, the proposed algorithms need to be 

optimized for dedicated mediaprocessors or digital signal processors (DSPs) 

implementation at 20-60 frame/s image rates. Two schemes for mapping algorithms to 

mediaprocessors are introduced in [39]. The same approaches can be adopted for DSP 

implementations. If the proposed algorithms do not require the full processing power of 

an underlying mediaprocessor or DSP, they can be implemented in generic C and 

optimized by typical C optimizations. On the other hand, if generic C’s performance is 

deficient for performance-critical functions, C intrinsics can be adopted instead of 

generic C. If the estimated ideal performance is not good enough for real-time 

implementation, some components of the proposed algorithms will have to be 

modified.  
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