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MEFENR: Multi-Frame Method for Complete Speckle
Noise Removal in Ultrasound images using KDE
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Abstract—Speckle noise is one of the most difficult noises to
remove especially in medical applications. It is a nuisance in
ultrasound imaging systems which is used in about half of all
medical screening systems. Thus, noise removal is an important
step in these systems, thereby creating reliable, automated, and
potentially low cost systems. Herein, a generalized approach
MFNR (Multi-Frame Noise Removal) is used, which is a complete
Noise Removal system using KDE (Kernal Density Estimation).
Any given type of noise can be removed if its probability
density function (PDF) is known. Herein, we extracted the PDF
parameters using KDE. Noise removal and detail preservation
are not contrary to each other as the case in single-frame
noise removal methods. Our results showed practically complete
noise removal using MFNR algorithm compared to standard
noise removal tools. The Peak Signal to Noise Ratio (PSNR)
performance was used as a comparison metric.

This paper is an extension to our previous paper where MFNR
Algorithm was showed as a general purpose complete noise
removal tool for all types of noises

Index Terms—Image Noise Removal, Image Enhancement,
MFNR, Speckle noise, Median Filter

I. INTRODUCTION

L tra-sound imaging is used in half of all medical

screening systems [1]. From imaging of brain, heart,
uterus, spleen and kidneys, etc., ultrasound is a very handy
and reliable tool. Such wide-spread use is due to the low
cost and portability of the ultrasound machines. Frequently
the results of the ultrasound images are limited by the noise
in the system esp. Speckle Noise. The noise is created through
constructive and destructive interference of the returned signals
thus creating granularity which show up as bright and dark
spots in the image. This paper discusses a newer technique
known as MFNR which is a general purpose complete noise
removal tool for any noise type [2]. Herein it is applied for
the ultrasound systems. Herein, multiple frames are used as
opposed to single frame noise removal systems in conven-
tional systems. Multiple frame means imaging at such a high
frequency such that we capture multiple images of a single
instance that is practically time-invariant.

The results were compared with industry standard algo-
rithms like Median and Lee filters for removing speckle noise.
They were compared to our proposed MFNR algorithm for the
removal of speckle noise. Median, Lee or other filters should
be used if the fit the requirements. MFNR Algorithm should be
used if practically complete noise removal is required. [3]. It is
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Fig. 1: Ultrasound Image of the fetus

shown that MFNR Algorithm practically completely removes
the noise depending on the number of image frames used.
More the frames used better the Peak Signal to Noise Ratio
(PSNR).

The conventional wisdom in image noise removal is that
there must be a compromise between noise removal and detail
preservation. We showed that in multi frame systems, that is
not true. We can achieve both simultaneously [4].

Furthermore, if the images are required to be analyzed by
Machine Learning (ML) Algorithms [5], the PSNR should be
high enough for better accuracy. Refinement of the images
for medical applications requires higher PSNR, which was
successfully achieved by using MFNR algorithm. In this study,
the algorithm was used to improve the imaging results of
an ultrasound imaging system. In short, MFNR algorithm
is simple in approach, and is versatile, and automatic thus
no need to tune the parameters. Computationally, it is light
enough, and it is scalable.

II. RELATED WORK

The standard methods currently used in speckle noise
removal are single frame methods. MFNR is inspired from
[6] wherein it is employed to remove gaussian noise from
the astronomical images. The basic theme is to characterise
the PDF of the noise to remove it. Hence, we generalized
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this system to employ it for ultrasound images where we are
characterizing the speckle noise PDF in order to remove it.

Median filter is one of the most effective noise removal
tools for the Speckle Noise. It has been shown that it performs
better than other noise removal tools for the Speckle noise [7].
The median filter is a nonlinear statistical filter that replaces
the current pixel value with the median value of pixels in the
neighboring region [8]. The median value of the surrounding
pixes is taken. We achieve it through sliding window.

Median filter has its own set of problems namely com-
putational resource requirements [9]. Median filter works by
finding the median values of the surrounding pixels and
replacing the pixel by that median value. It requires sorting
which is computationally expensive. There can be optimizers
which speedup the process, however it has reached the plateau.
One approximation is by using the sliding window such that
it reuses the previous median values to save on computation
cost. Also, that median filter doesn’t completely removes the
noise.

Various more popular techniques are available in literature
for filtering speckle noise [10]. Spatial Averaging is a linear
filtering technique and it has a blurring effect. The Adaptive
filtering techniques like local statistics or spectral coefficients
preserves the edges and details.

There are also non-linear filters in the literature [11]. They
are based on mathematical modelling and are thus good
at preserving the over-all shape but they are not good at
preserving the details. They use operations such as open,
close, top or bottom hat, etc. One such algorithm is called
Morphological Image Cleaning which compares the original
and smoothed image hence extracting features from original
image and reintroducing them into the smoothed image to
preserve the details.

We will compare MFNR algorithm with industry standard
algorithms. We will show that where other algorithms are
limited by single frame and hence can’t completely remove
the noise unlike our multiple frame approach.

III. PROPOSED METHOD

Practically complete noise removal is achievable when the
noise PDF is determined and removed. Herein, multiple frame
methods excel over single frame noise removal methods [12].
This is true for all types of noise, be it gaussian as in cameras,
or speckle noise as in ultra sound or laser imaging, etc.

MFNR Algorithm can achieve zero noise, depending on
the number of frames used. It is simple to implement. All
it needs is the type of noise involved, and it removes it. Niche
applications of the multiple frame noise removal methods are
used [12] especially in astronomical images where it is used to
remove gaussian noise to detect far off celestial objects which
maybe a single pixel on the images [6]. In this paper, that
multiple frame technique for the gaussian noise is generalized,
and used for removal of speckle noise from ultrasound images.

Multiple frames of the images are taken at the same position
and resolution. images are herein called frames. The same
position in all the frames is taken and used to calculate the
value of the single pixel for that same position. Thereby, the
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PDF noise characteristics and features of that single pixel
is calculated and removed. Generalized MFNR Algorithm is
depicted in Alg. 1

Data: Get noise PDF type. Take multiple frames of
images. Combine the image frames into 3D
Tensor Array

while all frames are not processed do
Make a vector of depth values. Taking the same

position data in all frames and combining into a
new array. Then for that new array;

if Centered Noise then

output the mean of that new array. Its the
cleaned pixel value of that position;

end

if Positive Noise then

Output the Minimum value of that new array.
Its the cleaned pixel value of that position;

end

if Negative Noise then
Output the Maximum value of that new array.

Its the cleaned pixel value of that position;
end

if Mixed Noise then
Output the mean calculated through KDE

Algorithm, which is the percentile of the
mean value. Its the cleaned pixel value of that
position;

end
Store that clean data against the same position in a
cleaned output frame

end

Result: Output clean frame
Algorithm 1: Generalized MFNR Algorithm

MFNR Algorithm is a General Algorithm for all types
of noise. Be it logarithmic, exponential, poisson, etc. Each
noise has its unique signature and characteristic which can be
calculated from the same position in multiple frames. Herein,
we will estimate the noise parameters of the speckle noise
from the multiple frames, and hence remove it.

Generally, there are 4 types of noises [13]: Centered,
Positive, Negative, Mixed. They are depicted in Fig. 2.

Centered noise has zero mean. Thus when centered noise
is added to any data or image, sometimes it adds value and
sometimes it subtracts value but on the average it doesn’t
add any value and has a zero mean. Example is Gaussian
Noise. Positive Noise example is salt noise, because it always
adds value to the data, never reduces its value. Negative noise
can be pepper noise, because it always subtracts value from
the original value and is always negative. But the majority
of the noise types fall into the category of mixed noise, e.g.
Gamma, Rayleigh, Poisson, Exponential Noise. Mixed noise
has some value on the positive side, and some on the negative
side, hence the percentage needs to be calculated, which is
calculated through KDE [14].

We take multiple frames or images, estimate the noise-less
value of the pixel by removing the deterministic noise, and
hence the image is cleaned. The multiple images are combined
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Fig. 3: Four types of Noise PDFs and their noise cleaning
Method. (a) Mean for Centered Noise. (b) Min for Positive
Noise. (c) Max for Negative Noise. (d) Kernal Density Esti-
mation (KDE) Mean for Mixed Noise
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to make a 3D stack as shown in Fig. 3. The depth values or
“depth vector” are stored into a newer tensor array, fed into
MFNR Algorithm to find mean, min, max, or KDE mean
value for centered, positive, negative or mixed noise types
respectively.

IV. EXPERIMENTAL SETUP

The noise values were simulated on Python using Jupyter
and Anaconda. Windows x64 system was used.

V. PERFORMANCE EVALUATION
A. Performance Measurements

In image processing, PSNR is the metric used to compare
the performance of various image noise removal algorithms or
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filters. Definition of PSNR is used as in Eqn. 1.
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Another parameter that was used to compare the perfor-
mance is the Optical Flow Error. Optical Flow between two
frames tries to calculate how much the features in the image
moved between successive frames. Thus, we are considering a
sequence of images (I (t){t=1...T}) taken from the motion be-
tween frames. Pixels get translated between the frames. We are
trying to find out the path of each pixel xo(t) = (zo(¢), yo(t))
from its start position xg. It can be mathematically formulated
as in Eqn. 2

PSNR = 10log,,

(D

I(x0(t),t) = I(x0,0) 2
Its derivative begets Eqn. 3
d
0= al(xo(t), t)=VIu-+1I, 3)

where u = (ug,uy) = dd% = dxg is the motion of the

pixel. Let it be noted that Eqn. 3 is insufficient to find u (our
target).

This becomes an optimization problem and we need to find
Eqn. 4

B(u) =Y ge,(x) [VI(x, t)u+ L(x, 1) (x) 4

(Here g, is a Gaussian filter centered at xg).
The minimum is achieved when the derivative of E vanishes
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where, I, I, and I; represent respectively the derivative of
the image sequence relatively to x, y and ¢. This linear system
can be expressed as follows:
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B. Performance Analysis

Speckle noise is a nuisance in almost all applications,
related to RADAR and ultrasound. The latter is used in about
half of all medical diagnosis [1] and thus noise removal is an
important step towards automatic disease diagnosis.

MFNR requires multiple frames or images. More the
frames, better the results. Hence, practically complete noise
removal can be achieved depending on the number of frames
used. In addition, other noise removal algorithms or filters
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require difficult conditions like values of unknown parameters
which is at best a guesstimate. For example, whether to use
3x3 or 9x9 window in Median Filter, or the level of noise must
be known before hand to estimate the clean image in numerous
other speckle noise removal filters [15]. MFNR Algorithm is
able to outperform the standard noise removal tools due to its
inherent multiple frame technology.

Multiple images can be created through taking multiple
images or video, given the time instant between the multiple
frames is practically zero [16]. MFNR’s computational and
storage requirements are minimal compared to other compet-
ing algorithms. Real-time applications can be made out of it.
More accuracy can be achieved using more frames, and hence
there is a trade-off between the accuracy and computational
processing required.

Generalized MFNR Algorithm can remove most kinds of
noise including gaussian noise in cameras, speckle noise in
laser and ultrasound images, gamma noise in radar applica-
tions, or any other application. Thus, this Algorithm can be
successfully applied in the fields of medicine, astronomy, radar
with better performance than existing image noise removal
tools [17]. For example, in cameras, the Gaussian Noise
become especially a nuisance in low light condition, where
even standard MFNR Algorithms fail.

In the case of ultrasound images, wherein the images are
fed into machine or deep learning algorithms to predict the
disease outcome, there is a need for complete noise removal
for better precision, recall, and hence accuracy.

In the ultrasound application, MFNR (Speckled) algorithm
performed better than even the best algorithms used to remove
this noise in current practice. This is very important result
because speckled noise is one of the most difficult noises to
remove especially in medical applications [18]. MFNR is a
versatile algorithm and can be extended to include removing
periodic noise also because the pattern has a “deterministic
characteristic” and hence can be removed.

The PDF for a mixed noise type is estimated through
Kernal Density Estimation (KDE). It is a method based on
instanciation. The idea is to compute the average of the density
of given points under the training data. The estimate is given
as in Eqn. 10

(10)

hd Z <|fv xlll),

herein h is bandwidth parameter. The kernel is a Gaussian
parameter given as in Eqn. 11,

1
k(z) = —— exp(—12%). 11
(2) Wer p(=352%) (11)
KDE maybe written as a linear system as in Eqn. 12,
@) = Kw, (12)
where
1 1 [l — |

d0i:10.20944/preprints202006.0117.v1

Thus, w can be made to become any of the convex com-
bination. Also, any changes to K can also have interesting
results.

An estimate of log-likelihood of any given sample is de-
picted in Eqn. Eqn. 14

:%zyﬁﬂm
S Mz<y1%n>

And its gradiant is given as in Eqn. 15,

i —y; |2
exp (~ Lzl
(%v o hzz

P 2
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thus, it moves x; pointing to the center y; accoring to weight
proportional to how z; already is to y;.
The differentiate of the log-likelihood wrt to the centers y;
is as shown in Eqn. 16

_ = (_%) )(xi —y),  (16)

(14)

) (yJ —in), (15)

nh2 _
ay nh  eXp (_ Hafl%yzkll2
hence it moves y; to the points x; proportional to how close
x; already is to y;.
The differentiable of the resubstitution entropy estimate is
as shown in Eqn. 17

on__(on or
or Ox; 0Oz )’

where x; and ;x are the first and second arguments of L,
respectively.

The differentiable of the estimate of the KL divergence is
given as in Eqn. 18,

a7

oD OL(z;x)  OL(x;x) OL(z;y)

= + _

oz ox; 0;x Ox (18)
oD 9L(:y)
Oy oy

The histogram density with bin width h is as shown in Eqn.
19

1
flz) = —h(number of x; in same bin as z).  (19)
n

An origin z also has to be chosen for the bins [zg+mh, 29+
(m 4+ 1)h).

KDE maybe taken as an inner product where the mean of
the training data is kernal space. Similarly, the kernal trick
shows that the KDE can be interpreted as a dot product with
the mean of the training data in kernel space. Indeed, the kernal
trick shown as in Eqn. 20

= %ZK(ZE,Z’Z)
=S o) ola
Y23 o).

(20)
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Fig. 4: Speckle Noise. (a) PSNR Comparison. (b) Optical Flow Error comparison. (c¢) Simulated Speckle noise with variance

of 0.01

Fig. 5: Speckle Noise Simulation. (a) Original image. (b) 2 Frames MFNR. (c) 3 Frames MFNR. (d) 4 Frames MFNR. (e) 5

Frames MFNR. (f) 6 Frames MFNR

So all the while the KDE is doing is just taking the average.
Herein, we applied KDE on the speckle noise distribution

[6].

C. Performance Results

Typical speckle noise is modelled as J = I + n*I, where
J is the noisy image, I is the original image, and n is a
uniform random variable with O mean, and some variance.
Fig. 4 (a) shows the performance of MFNR Algorithm against
other popular algorithms used to remove speckle noise, where
speckle noise was simulated with variance 0.01. We can see
that MNFR Algorithm out-performs the standard conventional
algorithms used to remove Speckle Noise. After more than 3

frames, MFNR performance is more than either Median or Lee
Filters, and it get better as more frames are used. Similarly, 4
(b) shows Optical Flow Error percentage also reduces after
just two frames. 4 (c) shows the simulated speckle noise.
Fig. 5 shows the results on an actual ultrasound image after
successive number of frames.

VI. CONCLUSION & FUTURE WORKS

It was shown that our proposed MFNR algorithm performed
much better at noise removal than standard conventional noise
removal tools. Their performance was compared at the removal
of speckle noise. The algorithm can also be applied to remove
the Gaussian, Gamma, periodic noise or other type of noises
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with defined PDF. In the ultrasound application, it was shown
that MFNR algorithm had a significantly better performance
than conventional standard algorithms, given that this noise is
one of the most difficult noises to remove.

We are using KDE to estimate the noise to remove it hence
we need to specify the noise type and also that we require
multiple frames. It is proposed that using deep learning, we
can train the neural networks to detect that automatically and
do away with these requirements largely.

REFERENCES

[1] https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2765780/
[https://dx.doi.org/10.1377%2Fhlthatt.27.6.1491]

[2] Awais Nazir, Muhammad Shahzad Younis, Muhammad Khurram
Shahzad, "MFNR: Multi-Frame Method for Complete NoiseRemoval
of all PDF Types in Multi-DimensionalData using KDE” [under peer
review]

[3] Zhong, Hua, Jingjing Zhang, and Ganchao Liu. "Robust polarimetric
SAR despeckling based on nonlocal means and distributed Lee filter.”
IEEE Transactions on Geoscience and Remote Sensing 52.7 (2013):
4198-4210.

[4] J. Scharcanski and A. N. Venetsanopoulos, “Edge detection of color
images using directional operators,” Circuits and Systems for Video
Technology, IEEE Transactions on, vol. 7, pp. 397-401, 1997.

[5] Yang, Xiaofeng, and Baowei Fei. ”3D prostate segmentation of ultra-
sound images combining longitudinal image registration and machine
learning.” Medical Imaging 2012: Image-Guided Procedures, Robotic
Interventions, and Modeling. Vol. 8316. International Society for Optics
and Photonics, 2012.

[6] S.D. Gwyn, "MegaPipe: The MegaCam image stacking pipeline at the
Canadian astronomical data centre,” Publications of the Astronomical
Society of the Pacific, vol. 120, pp. 212-223, 2008.

[7]1 Loupas, Thanasis, W. N. McDicken, and Paul L. Allan. ”An adaptive
weighted median filter for speckle suppression in medical ultrasonic
images.” IEEE transactions on Circuits and Systems 36.1 (1989): 129-
135.

[8] Czerwinski, Richard N., Douglas L. Jones, and William D. O’Brien.
”Ultrasound speckle reduction by directional median filtering.” Pro-
ceedings., International Conference on Image Processing. Vol. 1. IEEE,
1995.

[9] Wang, Jung-Hua, and Lian-Da Lin. “Improved median filter using

minmax algorithm for image processing.” Electronics Letters 33.16

(1997): 1362-1363.

Lim, Jae S., and Hamid Nawab. "Techniques for speckle noise re-

moval.” Optical Engineering 20.3 (1981): 203472.

Gupta, Deep, R. S. Anand, and Barjeev Tyagi. "Ripplet domain non-

linear filtering for speckle reduction in ultrasound medical images.”

Biomedical Signal Processing and Control 10 (2014): 79-91.

A. Buades, Y. Lou, J.-M. Morel, and Z. Tang, "Multi image noise

estimation and denoising,” preprint, Aug, 2010.

Friesen, Gary M., et al. "A comparison of the noise sensitivity of

nine QRS detection algorithms.” IEEE Transactions on biomedical

engineering 37.1 (1990): 85-98.

Jones, M. C., and H. W. Lotwick. "Remark AS R50: a remark on

algorithm AS 176. Kernal density estimation using the fast Fourier

transform.” Journal of the Royal Statistical Society. Series C (Applied

Statistics) 33.1 (1984): 120-122.

Q. Liu, Y. Li, H. Sun, and Y. Zhao, "Implementation and optimization

of an improved morphological filtering algorithm for speckle removal

based on DSPs,” in International Symposium on Photoelectronic De-
tection and Imaging: Technology and Applications 2007, 2007, pp.

662321-662321-8.

Schulz, Timothy J. "Multiframe blind deconvolution of astronomical

images.” JOSA A 10.5 (1993): 1064-1073.

Woods, Matthew, and Aggelos Katsaggelos. ”A bayesian multi-frame

image super-resolution algorithm using the Gaussian Information Fil-

ter”” 2017 IEEE International Conference on Acoustics, Speech and

Signal Processing (ICASSP). IEEE, 2017.

J. Y. Jin, G. T. Silva, and A. C. Frery, "Sar despeckling filters in

ultrasound imaging,” Latin American applied research, vol. 34, pp. 49-

53, 2004.

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

d0i:10.20944/preprints202006.0117.v1

Awais Nazir received his Bachelor’s degree in
Electrical Engineering from National University of
Sciences and Technology (Islamabad, Pakistan) in
2012, and Master’s degree from National University
of Sciences and Technology in Electrical Engineer-
ing in 2015. He has diverse industrial and academia
experience in his field as Project Manager at various
Engineering and Research Projects. Currently he is
pursuing his PhD in Electrical Engineering from Na-
tional University of Sciences. His research interests
include Data Science, Artificial Intelligence, Bio-
Medical Engineering, and Computer Vision.

Muhammad Shahzad Younis received the bache-
lor’s degree from National University of Sciences
and Technology, Islamabad, Pakistan, in 2002, the
master’s degree from the University of Engineer-
ing and Technology, Taxila, Pakistan, in 2005,
and the PhD degree from University Technology
PETRONAS, Perak, Malaysia in 2009, respectively.
Before joining National University of Sciences and
Technical (NUST), he was Assistant Manager at
a research and development organization named
AERO where he worked on different signal pro-
cessing and embedded system design applications. He is currently working
as an Assistant professor in the Department of Electrical Engineering in
School of Electrical Engineering and Computer Science (SEECS)-NUST. He
has published more than 25 papers in domestic and international journals
and conferences. His research interests include Statistical Signal Processing,
Adaptive Filters, Convex Optimization Biomedical signal processing, wireless
communication modelling and digital signal processing.

Muhammad Khurram Shahzad received the
B.E. and M.S. degrees in Information Technol-
ogy from The University of Lahore (2004) and
National University of Science and Technology
(NUST), Islamabad, Pakistan (2007) respectively.
He earned Ph.D. degree in Computer Engineering
from Sungkyunkwan University (SKKU), Suwon,
South Korea, He joined MONET Lab in SKKU as
Postdoctoral Researcher after graduation in 2016.
A Later, he worked as Assistant Professor with the
Electrical Energy Engineering Department during
2017 to 2018 at Keimyung University, Daegu, South Korea. Currently, he is
working as Assistant Professor at Department of Computing, School of Elec-
trical Engineering and Computer Science, NUST, Islamabad, Pakistan. His
responsibilities include; PG CS Coordinator, PG Data Science Coordinator,
PG CS Interviews, and also worked as QS Ranking Rubrics lead. His research
interests include Artificial Intelligence, Data Science, and Graph Theory.

lal


https://doi.org/10.20944/preprints202006.0117.v1

