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Abstract: An approach based on QR decomposition, to remove speckle noise from medical ultrasound images, is 

presented in this paper. The speckle noisy image is segmented into small overlapping blocks. A global covariance matrix 

is calculated by averaging the corresponding covariances of the blocks. QR decomposition is applied to the global 

covariance matrix. To filter out speckle noise, the first subset of orthogonal vectors of the Q matrix is projected onto the 

signal subspace. The proposed approach is compared with five benchmark techniques; Homomorphic Wavelet 

Despeckling (HWDS), Speckle Reducing Anisotropic Diffusion (SRAD), Frost, Kuan and Probabilistic Non_Local Mean 

(PNLM). When applied to different simulated and real ultrasound images, the QR based approach has secured maximum 

despeckling performance while maintaining optimal resolution and edge detection, and that is regardless of image size or 

nature of speckle; fine or rough.  
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1. INTRODUCTION 

 Medical imaging plays a vital role in medical field for 
analysis of different diseases. Ultrasound, also known as 
sonography is a non-invasive, cost effective and real-time 
medical imaging modality. Ultrasound uses high frequency 
sound waves to penetrate through the body tissues and the 
echoes are displayed as an image. 

 Ultrasound images inherit a complicated problem of 
speckle noise which is spatially correlated and multiplicative 
in nature with granular appearance, caused by the 
interference of various signals reflected from the scattered 
waves within a resolution cell [1-2]. In some medical 
ultrasound images, speckle noise shields and distorts the 
appearance of certain texture which will lead to false 
interpretations by the radiologists. Hence, speckle noise 
removal is an important task to improve the quality of such 
images.  

 In current research studies, number of different denoising 
techniques are introduced for Synthetic Aperture Radar 
(SAR) images [3-4]. Same techniques are also used for 
speckle noise removal in ultrasound images by converting 
multiplicative noise into additive noise using log 
transformation (homomorphic transformation) as a pre-
processing stage. The problem with such methods is the 
addition of denoising artifacts and lossy compression to the 
input images, which might reduce the quality of images. 
Same lossy compression is utilized to despeckle the 
ultrasound image in [5], in which ultrasound image 
undergoes the process of log transformation then the 
coefficients of this log transformed image are modeled using 

Laplacian distribution to achieve both depeckling and 
quantization.  

 Adaptive filters are generally used in image processing 
with the assumption that speckle noise is strictly 
multiplicative, e.g. Frost’s filter and Kaun’s filter [6-7]. 
Stochastic approach for despeckling of ultrasound images 
has been used in [8] as well, in which local extrema is 
assumed to be in robust statistical estimation framework, 
which is removed by local averaging method. A despeckling 
based non-local mean technique is used in [9]. In which no 
assumption is made about the relevant location of the pixel. 
Bayesian framework is used to formulate the non-local mean 
filter, relevant to ultrasound noise model.  

 Homomorphic transformation followed by wavelet 
denoising is investigated in [10]. However, in [2] it is shown 
that this assumption of considering the log-transformed 
speckle noise to be white Gaussian is an underestimation to 
the real problem and will not yield optimal results in 
despeckling the ultrasound image. Two pre-processing 
stages are introduced to gaussianize the log transformed 
multiplicative noise; de-correlation of speckle noise samples 
followed by median filter to chop the resulting outliers. 
Probabilistic Non-local Means (PNLM) for the despeckling 
problem in ultrasound is discussed in [11]. It uses Bayesian 
framework to produce non-local means filters without 
making any postulation of the relevant image pixels and 
evaluate the patterns around the pixels. 

 Speckle Reducing Anisotropic Diffusion (SRAD) is an 
edge sensitive diffusion method for speckle noisy images 
[12]. This method preserves useful information in the 
despeckled image based on instantaneous coefficient of 
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variation. Log-transformed cines based multiplicative model 
denoising technique is presented by Bar-Zion et al. in [13]. 
The speckle noise is removed by discarding small valued 
wavelet coefficients. 

 Section 2 presents QR decomposition theorem. In 
sections 3 and 4, ultrasound signal model and image quality 
measures are presented respectively. Section 5 presents the 
despeckling algorithm based on QR factorization. Section 6 
confers to the results of the algorithm applied to simulated 
and real ultrasound images. Section 7 concludes the paper. 

2. QR DECOMPOSITION 

 The QR decomposition is an efficient method to calculate 
the eigenvalues and eigenvectors of a matrix. A matrix can 
be factorized as a product of two matrices, usually known as 
𝑄 and R. This method is also efficient in solving system of 
linear equations as compared to Gaussian Elimination 
method but the drawback is that it has twice the 
computational complexity as that of Gaussian Elimination 
[14].  

 A square matrix of image X of order u × u, with linearly 
independent columns, can be factored into 𝑄 and 𝑅, such as; 

 
𝑋 = 𝑄𝑅    (1) 

𝑋 = [𝑞1𝑞2𝑞3 … 𝑞𝑢] [

𝑅11 … 𝑅1𝑢

0 𝑅22 𝑅2𝑢

0 0 𝑅𝑢𝑢

] (2) 

Where𝑅 is an upper triangular matrix with non-zero diagonal 
elements. 𝑄 has u orthogonal columns such as 𝑄𝑄𝑇 =
𝑄𝑇𝑄 = 𝐼 [15]. The columns of matrix 𝑄 are the orthogonal 
vectors of matrix 𝑋. Such technique can be applied to the 
compression problem in image processing by selecting a 
number of the first columns from 𝑄 and similar number of 
first rows from 𝑅. In this research we will apply QR 
decomposition on image matrix 𝑋 to calculate the orthogonal 
vectors. 

3. ULTRASOUND SIGNAL MODEL 

 A general model of speckle noise in ultrasound is 
discussed in [16].  

 
𝑔(𝑛, 𝑚) ≈ 𝑦(𝑛, 𝑚)𝑧(𝑛, 𝑚) + 𝜎(𝑛, 𝑚)  (3) 

 

 Where  𝑔 and 𝑦 represent observed envelope image and 
original image respectively. In equation 3, 𝑧 represents 
multiplicative noise and 𝜎 stands for additive noise. 𝑛 and 𝑚 
stands for axial and lateral image indices respectively. In 
both SAR and ultrasound imaging, this model is used, yet the 
model can be simplified in case of ultrasound imaging by 
ignoring the additive term, as given in equation 4.  
 

𝑔(𝑛, 𝑚) ≈ 𝑦(𝑛, 𝑚)𝑧(𝑛, 𝑚)   (4) 

 
 The model in equation 4 is reasonable especially when 
𝑔(𝑛, 𝑚) image is observed before further pre-processing 
stages such as log compression and nonlinear amplification 
are applied [17-18]. 

4. IMAGE QUALITY MEASURES 

In order to assess the denoising capability of the proposed 

algorithm, the image quality measures, α, β, SNR, S-SNR 

and P-SNR are used. Parameter α is used to measure the 

resolution of image, lower value of α indicates better 

resolution [19]. Parameter β is used to measure the ability of 

preserving the details and sharp edges in the image. β closer 

to 1 indicates the better performance of sharp edge detection 

[20]. Assume 𝐼𝑜𝑟𝑔 be the original image and 𝐼𝑒𝑠𝑡 be the 

denoised or estimated image. 

 

β = E {
〈∆Iorg,∆Iest〉

‖Iorg‖
F

‖Iest‖F
}    (5) 

 

Where E is the expectation, ∆ is the Laplacians operator, 
〈   ,   〉 is the standard inner product and ‖ ‖ is the Frobenius 

matrix norm. SNR is the common signal to noise ratio. S-

SNR is the degradation degree of the image by speckle noise 

and is measured as the speckle signal to noise ratio. Finally, 

PSNR, peak signal to noise ratio, is the most commonly used 

parameter in measuring the quality of estimated images, as 

given by [20-21]. 

PSNR = E {
max|Iorg|

2

‖Iorg−Iest‖
F

}    (6) 

5. PROPOSED ALGORITHM 

Define an image matrix 𝐺 as, 

𝐺 = [𝑔(𝑖, 𝑗)] 1≤𝑖≤𝑛
1≤𝑗≤𝑚

    (7) 

Where𝑔 stands for the observed envelope image.n and m are 
the lateral and vertical indices of pixels respectively. 

1. Apply the logarithm to matrix  𝐺 to obtain matrix 𝐴. 

 

𝐴 = log 𝐺 = [𝑎(𝑖, 𝑗)] 1≤𝑖≤𝑛
1≤𝑗≤𝑚

   (8) 

2. Segment the image into overlapping 𝑝 × 𝑞 segments.First 

we fix 0 ≤ 𝑝 ≤ 𝑛 and 0 ≤ 𝑞 ≤ 𝑚 and define 𝐵(𝑟, 𝑠)as 

follows, 

 

𝐵(𝑟, 𝑠) = [𝑎(𝑖, 𝑗)]1+𝑟≤𝑖≤𝑝+𝑟
1+𝑠≤𝑗≤𝑞+𝑠

 (9) 

Where 0 ≤ 𝑟 ≤ 𝑛 − 𝑝and 0 ≤ 𝑠 ≤ 𝑚 − 𝑞. 

 

3. Reshape 𝐵(𝑟, 𝑠) into a 𝑝. 𝑞 × 1 column vector such as, 

 

𝑉(𝑟, 𝑠) =< 𝑎(1 + 𝑟, 1 + 𝑠), 𝑎(1 + 𝑟, 2 + 𝑠), … , 𝑎(1 +
𝑟, 𝑞 + 𝑠), 𝑎(2 + 𝑟, 1 + 𝑠), 𝑎(2 + 𝑟, 2 + 𝑠), . . , 𝑎(2 +

𝑟, 𝑞 + 𝑠), … , 𝑎(𝑝 + 𝑟, 𝑞 + 𝑠) >   (10) 

Define a covariance matrix (C) of 𝑝. 𝑞 × 𝑝. 𝑞 size as, 

 

𝐶(𝑟, 𝑠) = 𝑉(𝑟, 𝑠) × 𝑉𝑇(𝑟, 𝑠)   (11) 

 

4. Calculate the global covariance matrix 𝑋 for the whole 

image, 
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𝑋 =
1

(𝑛−𝑝+1)(𝑚−𝑞+1)
∑ 𝐶(𝑟, 𝑠)0≤𝑟≤𝑛−𝑝

0≤𝑠≤𝑚−𝑞
  (12) 

 

5. Obtain the orthogonal vectors of the matrix 𝑋 from the Q 

matrix of the QR decomposition, as explained in section-

II. Ignore the R matrix. Select the first subset 𝑘  of such 

orthogonal vectors to form the feature matrix 𝐹. Form the 

global projection matrix 𝑃 = 𝐹 × 𝐹𝑇  of size 𝑝. 𝑞 × 𝑝. 𝑞. 

Define the denoised vector W of size 𝑝. 𝑞 × 1 such as, 

 

𝑊(𝑟, 𝑠) = 𝑃 × 𝑉(𝑟, 𝑠) =< 𝑤1
(𝑟,𝑠)

, 𝑤2
(𝑟,𝑠)

, ⋯ , 𝑤𝑝.𝑞
(𝑟,𝑠)

>

      (13) 

6. Reshape the denoised vector W back into 𝑝 × 𝑞 matrix 𝐷, 

such as,  

 

𝐷(𝑟, 𝑠) = [

𝑤1
(𝑟,𝑠)

⋯ 𝑤𝑞
(𝑟,𝑠)

⋮ ⋱ ⋮

𝑤𝑝𝑞−𝑞+1
(𝑟,𝑠)

⋯ 𝑤𝑝.𝑞
(𝑟,𝑠)

] = [𝑑(𝑖,𝑗)
(𝑟,𝑠)

]1≤𝑖≤𝑝
1≤𝑗≤𝑞

       

(14) 

7. Reconstruct the envelope image I by averaging all the 

overlapping denoised segments. In the end apply the 

antilog to I. 

 

𝐼 = [
∑ 𝑑(𝑡,𝑙)

(𝑖−𝑡,𝑗−𝑙)(𝑖,𝑗)
(𝑡,𝑙)=(1,1)

𝑖×𝑗
]

1≤𝑖≤𝑛
1≤𝑗≤𝑚

   (15) 

6. RESULTS AND COMPARATIVE ANALYSIS 

6.1 Simulated Ultrasound Images 

 An abdominal ultrasound noise free image is generated 
from a real MRI map image through linear scanning using 
Field II program [22-23], as shown in Fig. 1(a). This noise 
free image has lateral resolution of 0.156 𝑚𝑚 with 256 
A_scans penetrating 4096 scatters per 𝑐𝑚2. Envelopes of the 
RF echo signals are obtained through Hilbert transformation. 
Finally the 2D ultrasound image is formed by re-arranging 
side by side the 256 envelopes. The size of this noise free 
image is down sampled from 4096x256 to 256x256, as 
shown in Fig. 1(a). To test the despeckling efficiency of the 
proposed algorithm, two speckle noisy versions of the image 
shown in Fig. 1(a) are generated. Fig. 1(b) is obtained 
through corrupting the image in Fig. 1(a) by Gaussian noise 
according to equation 4 and that is before being decimated. 
Fig. 2(b) is obtained through corrupting the MRI map image 
by Gaussian noise according to equation 4 before it is being 
scanned by the Field II program. In this paper we refer to the 
noise in Fig. 1(b) by fine noise and that in Fig. 2(b) by rough 
noise.   

 Despeckling performance of the proposed QR based 
approach is compared with five benchmark schemes usually 
used in the despecling area of biomedical images; 
Homomorphic Wavelet Despecking HWDS [24], Speckle 
Reduction Anisotropic Diffusion SRAD [25], Frost [6], 
Kuan [7] and Probabilistic Non Local Mean PNLM [26]. 
Selection of despeckling parameter of the proposed and 
benchmark schemes is dependent on the nature of the 
speckle fine or rough, and it is done after fine tuning to 

secure best visual results and to avoid blur. Despeckling 
parameters for all methods and for both types of speckle 
noise (fine and rough) are listed in Table 1. Wavelet filtering 
is implemented through the WaveLab toolkit [27].  

Table 1. Despeckling parameters used for Fine and Rough 

Speckle noise 

 Visual despeckling results of proposed and benchmark 
algorithms are presented in Fig. 1 and Fig. 2 for fine and 
rough speckle noisy images respectively. The numerical 
results are compared in terms of α, β, SNR, S-SNR and P-
SNR, in Fig.3 and Fig. 4 for fine and rough speckle noisy 
images respectively.  

 In case of fine speckle noise the visual result of the QR 
based approach in Fig. 1(c) shows better despeckling 
performance compared to Frost, Kuan PNLM and HWDS. 
HWDS removed the speckle noise but that was on the 
account of over-smoothing the image and distorting the 
image details. SRAD, on the other hand, shows competitive 
visual despeckling performance to QR based approach. 

 In case of rough speckle noise, the visual despeckling 
results of QR based approach in Fig. 2(c) has outperformed 
all benchmark schemes in removing most of the speckle and 
preserving the details. 

 The numerical results of all despeckling schemes, 
however, vary according to the nature of speckle noise fine 
or rough. When speckle noise is fine, as in Fig. 1, 
despeckling schemes show competitive performances in 
removing the speckle noise. The despeckling parameters 
listed under “Fine speckle Noise” column of Table 1 have 
yielded maximum despeckling performance of SRAD 
approach in terms of SNR, PSNR and Beta as shown in Fig. 
3. However, the QR based approach has outperformed the 
benchmark schemes in terms of SNR, PSNR. QR based 
approach has also maintained optimal values in terms of 
resolution, edge detection and S-SNR. When speckle noise is 
rough, as in Fig. 2, most despeckling schemes fail in 
removing speckle noise, and that is in spite of increasing the 
despeckling parameters as listed under “Rough Speckle 
Noise” column of Table 1. Maximum despeckling 

Method Fine Speckle Noise Rough Speckle Noise 

QR 

Block size = 8x8 

Orthogonal vectors = 

4 

Block Size = 16x16 

Orthogonal Vectors = 

4 

HWDS 

Daubechies Wavelet 

Function 

Vanishing moments = 

4 

Decomposition levels 

= 4 

Daubechies Wavelet 

Function 

Vanishing Moments = 

12 

Decomposition Levels 

= 8 

SRAD 

Smoothing Parameter 

= .05 

Iterations = 100 

Smoothing Parameter 

= .05 

Iterations = 350 

Frost Window Size = 5 Window Size = 7 

Kuan Iterations = 5 Iterations = 30 

PNLM 

Patch Size = 1 

Window Size = 5 

Correction Parameter 

= 1 

Patch Size = 1 

Window Size = 7 

Correction Parameter 

= 1 
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performance of QR based approach is registered, in this case, 
over all bench mark schemes including SRAD approach. 
Numerical performance of QR based approach along with 
other schemes is shown in Fig. 4. The QR based approach 
has outperformed the benchmark schemes in terms of SNR, 
PSNR. It also maintained optimal resolution, S-SNR and 
edge detection. 

 Comparisons of axial and lateral profiles of the images in 
Fig. 1 and Fig. 2 are shown in Fig. 5. These profiles were 
taken from the centers of the images. In case of fine speckle 
noise, the profiles of QR based approach and SRAD are 
almost similar and more close to the noise free dotted 
profiles than the profiles of the other despeckling techniques. 
Frost and Kuan profiles have preserved the speckle noise. 
PNLM profiles are contaminated with ripples and spikes. 
The cleaning of speckle noise from HWDS profiles was 
done on the account of over smoothing the details.  

 In case of rough speckle noise, QR profiles exhibited 
better performance in their closeness to the noise free dotted 
profiles, and that is in comparison with the other benchmark 
schemes (SRAD, HWDS, Frost, Kuan and PNLM). This 
result shows that the despeckling schemes that can be 
efficient in removing fine speckle noise can completely fail 
in removing the speckle noise when it is rough. Since degree 
of roughness of speckle noise varies between soft tissue 
images like kidney and more rigid tissue images like muscle, 
hence the need for an efficient despeckling scheme that can 
handle both cases.   

 To further investigate the efficiency of the QR based 
approach, the effect of block size and number of orthogonal 
vectors are tested. Fig. 6 and Fig. 7 display the numerical 
despeckling results for fine and rough speckle noise 
respectively for different block sizes and number of 
orthogonal vectors. Fig. 8 and Fig. 9 display the 
corresponding visual performance to Fig 6 and Fig. 7 
respectively. The block size and number of orthogonal 
vectors in Fig. 6 through Fig 9 is noted in the captions and 
labels of such figures as (AxA, B), where A is the segment 
size and B is the number of orthogonal vectors.  

 For fine speckle noise case, despeckling block size of 
(4x4) did not remove speckle noise, as shown in Fig. 8(a) 
and Fig. 8(b). Relatively, larger block size of (16x16) over-
smoothed the image and introduced blur as shown in Fig. 
8(e) and Fig. 8(f). The optimal visual result is shown in Fig. 
8(c), where the highest SNR and PSNR are achieved in the 
case of  (8x8, 4). Increasing the number of orthogonal 
vectors for the same block size will be less efficient in 
removing speckle noise as shown in Fig. 6. For rough 
speckle case, the most optimal visual result is shown in Fig. 
9(d), where the highest SNR and PSNR are achieved in the 
case of (16x16, 4). Increasing the number of orthogonal 
vectors for the same block size will be less efficient in 
removing speckle noise as shown in Fig. 7. Larger block size 
is needed in case of rough speckle noise compared with the 
case of fine speckle noise. Decreasing the number of 
orthogonal vectors for the proper block size will tend to 
over-smooth the image and introduce blur. Although 
despeckling parameters were readjusted for the bench mark 
schemes as shown in Table 1 under the “Rough Speckle 

Noise” column, yet those schemes remained inefficient in 
removing the speckle noise. 

 
Figure1. Simulated fine speckle noisy images: (a) Noise free 

image, (b) Speckle noisy image, and the images after 

despeckling using (c) QR, (d) HWDS, (e) SRAD, (f) Frost, 

(g) Kuan and (h) PNLM. 

 

 
Figure2. Simulated rough speckle noisy images: (a) Noise 

free image, (b) Speckle noisy image, and the images after 

despeckling using (c) QR, (d) HWDS, (e) SRAD, (f) Frost, 

(g) Kuan and (h) PNLM. 

 

 
Figure3. Performance comparison of denoising schemes for 

simulated fine speckle noisy image. Vertical axis represents 

the amplitude in dB for SNR and PSNR, while the amplitude 

in ratio for Alpha, S-SNR and Beta. 

 

 
Figure4. Performance comparison of denoising schemes for 

simulated rough speckle noisy image. Vertical axis 

represents the amplitude in dB for SNR and PSNR while the 

amplitude in ratio, for Alpha, S-SNR and Beta. 
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 Fine Speckle Noise Rough Speckle Noise 

 Axial Profiles Lateral Profiles Axial Profiles Lateral Profiles 

(a) 

 

(b) 

(c) 

(d) 

(e) 

(f) 

 Noise free Image,  De-noised by specific technique 
 

Figure5. Comparison of the axial and lateral profiles of the Fine and Rough simulated speckle noisy images. The horizontal 

axis represents the samples from 0 to 255 and vertical axis represents the normalized amplitude. (a). QR, (b). HWDS, (c). 

SRAD, (d). Frost, (e). Kuan, (f). PNLM. 

 

 

Figure 6. SNR and PSNR based comparison when applied to 

fine speckle noisy image using QR with different block sizes 

and orthogonal vectors. 

 

Figure 7. SNR and PSNR based comparison when applied to 

rough speckle noisy image using QR with different block 

sizes and orthogonal vectors. 

  

4x4,1 4x4,4 8x8,4 8x8,8 16x16,8 16x16,16

SNR 17.7448 12.7797 19.7850 18.2555 18.1610 19.5105

P-SNR 25.0269 20.9426 26.6681 25.0925 24.7095 24.7807
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Figure 8. Visual comparison of despeckling the fine speckle 

noisy image using QR, with different block sizes and 

orthogonal vectors (a). 4x4,1 (b). 4x4,4 (c). 8x8,4 (d). 8x8,8 

(e). 16x16,8 (f). 16x16,16. 

 
Figure 9. Visual comparison of despeckling the rough 

speckle noisy image using QR, with different block sizes and 

orthogonal vectors, (a) 8x8,1 (b) 8x8,4 (c) 16x16,1 (d) 

16x16,4 (e) 16x16,12 (f) 16x16,16. 
 

6.2Real Ultrasound Images 

Real ultrasound images of heart, kidney and lymph nodes 

are downloaded from [28]. Fragments of such images are 

shown in Fig. 10-a. The size of the heart image that shows a 

planted pacemaker and the size of the lymph node image are 

256x256 pixels, while the size of the kidney image is 

128x128 pixels. The softer the scanned organ, the rougher 

the speckle noise would appear. Ultrasound image of the 

heart is corrupted with fine speckle noise, kidney is 

corrupted with relatively larger speckle noise clusters and 

lymph nodes image is relatively corrupted with the roughest 

speckle noise clusters. Despeckling parameters of proposed 

and benchmark algorithms, after fine tuning to yield best 

visual results, are listed in Table 2. Visual despeckling 

results of proposed and benchmark schemes are shown in 

Fig. 10. Denoised images of heart, kidney and lymph nodes 

are presented in first, second and third column of Fig. 10 

respectively. Since the speckle noise corrupting the lymph 

nodes image is rough, larger block size of 16x16 is used 

along with 8 orthogonal vectors to yield best denoising 

result. In comparison with the lymph nodes image, the heart 

image is corrupted with finer speckle noise, therefore block 

size of 8x8 with 1 orthogonal vector are used. Although the 

kidney is corrupted with relatively rougher speckle noise 

clusters than the heart image, yet the kidney image size is 

smaller (128x128) and a block size of 8x8 with 4 orthogonal 

vectors were sufficient to yield efficient speckle noise 

removal. Obviously, the choice of the block size and number 

of orthogonal vectors of the proposed QR approach is 

dependent on the image size and the nature of speckle noise; 

fine or rough. As listed in Table2, larger number of 

vanishing moments and decomposition levels are needed for 

the lymph nodes image using HWDS. Larger number of 

iterations is needed for SRAD and Kuan to deal with the 

lymph nodes image that is corrupted with rough speckle 

noise as well. 

Table 2. Despeckling parameter for Heart, Kidney and 

Lymph nodes ultrasound Images 

Method 
Heart 
(256x256) 

Kidney 
(128x128) 

Lymph nodes 
(256x256) 

QR 
block size = 8x8 

Orth. vectors = 1 

block size = 8x8 

Orth. vectors = 4 

block size = 16x16 

Orth. vectors = 8 

HWDS 

db4 function 
vanishing 

moments = 6 

Decom. levels = 
6 

db4 function 
vanishing 

moments = 6 

Decom. levels = 
4 

db4 function 
vanishing 

moments = 12 

Decom. levels = 8 

SRAD 

smoothing 

parameter = 0.05 

iterations = 100 

smoothing 

parameter = 0.05 

iterations = 30 

smoothing 

parameter = 0.05 

iterations = 150 

Frost window size = 5 window size = 5 window size = 5 

Kuan Iterations = 10 Iterations = 7 Iterations = 20 

PNLM 

patch size = 1 

window size = 5 
correction 

parameter = 1 

patch size = 1 

window size = 3 
correction 

parameter = 1 

patch size = 1 

window size = 3 
correction 

parameter = 1 

 

For the heart image, HWDS, Frost, Kuan and PNLM 

were inefficient in cleaning speckle noise as shown in Fig. 

10 (c, e, f, g). PNLM has also induced artifacts as shown in 

Fig. 10 (g). SRAD on the other hand, is found competitive to 

QR based proposed approach in removing speckle noise. For 

kidney and lymph nodes images, where speckle noise is 

rough in nature, the proposed approach has outperformed all 

benchmark schemes. HWDS either left spikes as shown in 

Fig.10(c) of the kidney image or left the image despeckled 

inefficiently as for the lymph nodes image of the same 

figure.  SRAD has preserved speckle noise clusters as shown 

in the left top corner of Fig. 10(d) of the kidney image and 

left the lymph nodes image despeckled inefficiently. PNLM 

continued to induce artifacts in both kidney and lymph nodes 

images as shown in Fig. 10(g). Frost left the images 

despeckled inefficiently as shown in Fig. 10(e). Kuan left the 

kidney and lymph nodes images blurry as shown in Fig. 

10(f).  
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The comparison of numerical results is shown in Fig. 11. 

The values of 𝛼 are scaled up by 10 to better visualize the 

results. For real ultrasound images only 𝛼 and S-SNR are 

used for the assessment due to the unavailability of noise 

free reference image. Although SNR and 𝛼 look higher for 

QR than those for some of benchmark schemes for the three 

real images, yet a similar performance was swapped with 

better SNR and PSNR of QR in the simulated experiment. 

This notice leads us to the conclusion that SNR and PSNR of 

the proposed QR approach for real images would be better 

than those of the rest of bench mark schemes.  

The computational complexity of proposed QR based 

approach can be divided into three stages; in first stage there 

are N covariance matrices of vectors of 𝑝. 𝑞 length, where N 

is the number of pixels in the image. The complexity of 

finding a covariance matrix will be 𝐿2, where L is the length 

of the vector. The complexity of the first stage is 𝑁𝑝2𝑞2. As 

𝑝2𝑞2 = 𝑛𝑚 = 𝑁, therfore the complexity of first stage 

would be 𝑁2. In the second stage, orthogonal vectors of 

covariance matrix is calculated by QR decomposition with 

complexity of 𝑀3, where M is the number of pixels in the 

image, hence the complexity of the second stage would be 

(𝑝2𝑞2)3 = 𝑁3. In the third stage, the projection of N vectors 

of 𝑝. 𝑞 length was done with a complexity of 𝑁𝑁𝑝. 𝑞 =
𝑁5/2. Since the second stage is dominant, which depends on 

QR decomposition, the complexity of proposed technique is 

Θ(𝑁3). The complexity of HWDS is Θ(𝑀𝑁2𝑙𝑜𝑔𝑁) where 

𝑀 represents the number of vanishing moments of the 

mother wavelet used. The complexity of Frost, Kuan and 

SRAD is Θ(𝑁2𝐾) where 𝐾 represents number of iterations. 

The complexity of PNLM is Θ(𝑁2𝑠2) where 𝑠 is the window 

size. From this complexity comparison it can be stated that 

our proposed method has higher complexity. However, the 

complexity of QR based approach could be reduced if the 

image is despeckled in the axial and lateral directions 

separately. Because the size of the covariance matrix could 

be reduced to 𝑝 or 𝑞 for each direction, the overall 

complexity could be reduced to Θ(𝑁3/2). 

7. CONCLUSION 

A QR based approach is presented in this paper to remove 

speckle noise from medical ultrasound images. Envelope 

image is segmented into overlapping blocks and subspace 

representation of these blocks is analyzed. Orthogonal 

vectors are selected from QR decomposition. They are used 

to form a projection matrix for signal subspace projection. 

The block size and number of orthogonal vectors selection is 

dependent on the image size and the nature of the corrupting 

speckle noise.  Results found show that fine speckle noise in 

the image requires small block size (8x8), while rough 

speckle noise in the image requires larger block size (16x16) 

to yield better results. 

Number of orthogonal vectors is used for fine-tuning to 

yield best despeckling performance. If all orthogonal vectors 

per block size are used, the image is left without 

despeckling, while if one orthogonal vector per block size is 

used, the image is maximally despeckled. The proposed QR 

based despeckling approach has outperformed many existing 

techniques including HWDS, SRAD, Frost, Kuan and 

PNLM for simulated and real ultrasound images. It has 

provided stability in removing fine as well as rough speckle 

noise, maintained edge detection and secured high SNR and 

PSNR with a minor sacrifice in resolution. 

 

 Real Heart 

Ultrasound Image 

Real Kidney 

ultrasound image 
Real Lymph nodes 

ultrasound image 

(a) 

 

(b) 

(c) 

(d) 

(e) 

(f) 

(g) 

Figure6.Visual comparison results of different despeckling 

techniques applied to Heart, Kidney and Lymph nodes 

ultrasound images: (a) Real images and the images after 
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despeckling using(b) QR, (c) HWDS, (d) SRAD, (e) Frost, (f) Kuan and (g) PNLM. 

 

Figure 11. Numerical performance comparison of denoising schemes when applied to real ultrasound images. Vertical axis 

represents the amplitude in ratio for Alpha and S-SNR. 
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