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ITenpro paboTHI ABASETCA COXpPaHeHHE PE3KOCTH T'PAHUIL B Ipollecce 00padoTKU M300paKeHHI,
CHMJKAIOIIEM yPOBEHb IIYMOB, IJf YIy4lIeHHI KOM(POPTHOCTH BOCIPHUATHA KAapPTUHBLI 0€3 yMEeHb-
IIeHUsI 3aMEeTHOCTH TPAaHUIl U Herajieii. B mpensiaraemMoM ajropurMe Npu BBIIEJ€HUU TPDAHUI] HA-
IpaBlieHHEe UX OPHMEHTAIMHM OI[EHHBAETCHA C HCII0Jb30BAHNEM OPHEHTHPOBAHHBIX 00Pa3I0B-MOIe-
Jaeit. Pe3ybTaThl CBePTKH HCIIOJIB3YIOTCA IJI5 YIIPABJIEHUA SHAYCHUAMHU K09((PUIIMEHTOB B COOTBET-
CTBYHOIIUX NIyMONMOAABASOINX (uabrpax. Ucmoab30oBaHNe TAKOH ABYXCTYHEHUYATON IPOIETypPbhI
obecreynBaeT coxpaHeHue pes3koctu rpanuti. OmHOpPOIHBIE 00/IaCTH, BhIAeJIeHHbIe HA OCHOBE JIO-
KaJbHBIX 3HAUCHHI CTAHTAPTHBIX OTKJIOHEHUI, 00padaThIBAIOTC ajIee IJaA o0ecreueHn A HANTYd-
IIer0 BH3YAJHbHOTO BOCHPHUIATHSA HA IOCJIETOBATEJbHBIX YTANlaX MPEIBAPUTEJbHON U yCPeTHEHHON
dunprpamun. JKCIEPUMEHT IMOATBEPINJI IOJyYeHNe XOPOIIUX Pe3yJbTATOB IPHU 0O0IIeM yIpole-
HHUH MPOIeyPhI 00Pa0OTKU N300pPaKeHH, YTO BasKHO ¢ TOUKH 3PEeHHA BO3MOSKHOCTEH anmapaTHOTo
BOILIOIIEHU.

KnroueBble c/10Ba: CHVXKEHUE LLYMOB U300paxeHyisl, BbiAEIEHNE rPaHnL, COXpaHeHne pe3KoCTH, rayc-
coBa (hunabTPaLyms.
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This study focuses on edge preservation and noise smoothing in the process of denoising.
To achieve the two aims, the image has to be processed in such a way that the noise is removed
to give people a pleasing vision without reducing the perceptibility of edges and details. In the
proposed algorithm, edge orientations are taken into account by using directional templates
during edge extraction. The results of convolution would be adopted to control coefficients
of the corresponding denoising filter. These two steps play a leading role to guarantee the
preservation of edges. Finally, flat regions distinguished from edges and details by local standard
deviation would be further operated by incorporating the preliminary filtering result and mean
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filtering result to make better vision perception. Its great performance with lower complexity
is validated by the experiential results, which provides an important opportunity for hardware

implementation.
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1. INTRODUCTION
Digital images are often contaminated with
noise during their acquisition and transmis-
sion. Therefore, image denoising, the removal of
noise from an image is indispensable as a pre-
treatment for the subsequent image processing.
The goal of image denoising method is to re-
cover the original image from a noisy measure-
ment

£(i) =(1) +n(D), (1)

where f(i) is the observed value, f,(i) is the “true”
value, n(i) is the noise perturbation at a pixel i.
The simplest way to simulate additive noise ef-
fects is to add a Gaussian white noise with zero
mean and standard deviations as n(i).

According to actual image characteristics
and statistical characteristics of noise, a variety
of denoising methods have been developed to re-
cover f,. Principle of image denoising is to re-
cover real image from noised image and obtain
useful information from the image. Therefore,
the noise in noisy images must be reduced or
removed to obtain the original real image.
At present, the commonly used methods are
mainly divided into three categories. The first
approach is based on spatial domain process-
ing. The second one is based on transform do-
main processing. The last one is convolution
neural network denoising methods, which have
emerged in recent years.

In spatial domain, a basic idea of denoising is
to calculate weighted average values of neigh-
boring pixels, in which Gaussian filtering [1] and
bilateral filtering [2] are widely used. Gaussian
filtering denoising method is mainly adopted by
adjusting the filter parameter values to form lo-
cal filter templates. Once the parameter values
are selected, filter template is fixed. Meanwhile,
inadequate denoising effect and fuzzy edges are
emerged consequently when filter templates are
formed without considering the image informa-
tion. Nevertheless, bilateral filtering denoising
method has a better denoising effect and can

retain the edge of images while suppressing
noise, since it can take in to consideration the
difference in intensity domain as well as the
Euclidean distance in spatial domain. These
two mutual constraints control the weights that
neighboring pixels contribute to the center of
filtering. However, unwanted gradient reversal
artifacts may appear near strong edges [3, 4].
The non-local means (NL-means) also calculate
weighted averages, which not only compare the
grey level in a single point but the geometrical
configuration in a whole neighborhood [5]. The
following influence is that the computational
complexity is too high. In addition, bilateral fil-
tering and NL-means filtering involve manually
chosen parameters, which provides possibilities
to enhance denoising performance [6].

The method is based on transform domain
processing needs to transform the image from
spatial domains to other domains first. Then the
inherent properties of transform domains will
be used to process the transform coefficient and
reduce the noise. The final step is to carry out
inverse transformation to reconstruct the im-
age. Wavelet transform denoising method [7] is
the most commonly used and effective method
on transform domain. The main idea of wavelet
transform denoising method is to decompose the
noisy image at the very beginning and get wave-
let transform coefficients. Then wavelet trans-
form coefficients are processed by thresholds,
such as soft threshold [8], SureShrink threshold
based on the principle of minimizing the Stein
unbiased estimate of risk [9] and BayesShrink
threshold under the assumption that wavelet
coefficients obey the wide-text Gaussian dis-
tribution [10], to eliminate the noise and re-
tain details in the image as many as possible.
Finally, the denoised image is reconstructed by
inverse wavelet transform. Other relevant algo-
rithms include Gaussian mixture model, hidden
Markov model, ayes least Square-Gaussian scale
mixtures [11-13] and block matching 3D (BM3D)
[14]. Among them, BM3D represents one of the



best denoising algorithms since it combines
NL-means and wavelet threshold denoising. In
summary, this kind of denoising method mainly
focuses on the complex processing of wavelet
transform coefficients. Among these methods,
the threshold function is difficult to obtain and
may trigger overkill.

In recent years, a new kind of denoising
method is proposed based on convolutional neu-
ral network. Viren Jain et al. firstly proposed to
use convolutional neural network to solve the de-
noising problem of natural images and to obtain
results that are similar to or even better than
conventional methods, such as wavelet trans-
form or Markov random field model [15]. Burger
et al. proposed to use the multi-layer perceptron
(MLP) for image denoising [16]. One shortcom-
ing of this MLP model is that it cannot adapt
to the images with different noise levels. If the
noisy images with different levels are used for
training, the results of specific noise training
will not be achieved. Furthermore, deep con-
volution neural network becomes widely used
in image denoising [17-19], because it has the
superior abilities of self-learning through the
amount of data and it only need to be guided to
achieve the desired purpose instead of strictly
selecting the characteristics [20]. However,
the huge amount of computation and selec-
tion of training set are still problems for these
algorithms.

Based on the shortcomings of above algo-
rithms in processing effect and complexity,
a new method of image denoising is presented.

Noise
image

Directional edge
detection

.| Directional filtering
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This method combines the convolution and
Gaussian smoothing to achieve three goals:

(1) Removing noise emergence in noisy im-
ages to create pleasing output images for the hu-
man observers.

(2) Maintaining the sharpness of original im-
age edges.

(3) Reducing the computation complexity to
ensure a quicker processing speed.

2. PRINCIPLE

OF THE PROPOSED ALGORITHM

In this section, the framework of the proposed
algorithm is presented. Then, the core of this
paper, the directional smoothing model, is set
forth at great length. Finally, smoothing cor-
rection in flat region is illustrated for further
smooth.

2.1. Framework

of proposed algorithm

The entire framework of the proposed algorithm
is shown in Fig. 1. This study suggests a convo-
lution template of denoising algorithm to pro-
tect the edge and smooth the image selectively.
The framework can be divided into two impor-
tant parts. The first one is the design of a di-
rectional smoothing model, which depends on
directional edge detection and corresponding
filter templates based on Gaussian filtering,
to confirm which specific direction each pixel is
more inclined to and how many the weights of
filter results can be. The preliminary denoising

______________________

Directional smoothing model

Weight
coefficient

"] template construction

Fig. 1. Framework of proposed algorithm.
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is obtained by the process of directional smooth-
ing model as follows:

max(k)
lore(bi)= = o (LD 1.1, P)
P k=1

where I,..(i, j) is the primary denoising result of
pixel (i, j), ©(i, j) denotes the weight of Eh direc-
tion and I,(i, j) represents the filtering result of
k direction.

The second part is smoothing correction,
which is aimed at more ideal smoothing results
in flat region. Once a pixel is identified in flat
area, mean filtering result will be taken into ac-
count to get a further smoothing result. The re-
sult of denoising is managed as follows:

Ip(i.j))=
(@~ 8) Lre (i, §) +tlean (i J), (i,j) € flat area
| 1pre (i), Gi,j) € flat area

where I, denotes the output of denoised image,
and I, .., is the result of mean filtering of pixel
(@i, j), t controls the weight primary denoising re-
sult. Mean filtering result is used to determine
gray level of pixel (i, j).

2.2. Design of directional smoothing model

The core of the directional smoothing model is to
take the edge direction as the standard to carry
out the smoothing on the non-edge direction. The
distinguishing of edge pixels and the conduct of
preliminary smoothing process greatly depend
on two important kinds of templates: direction-
al edge detection templates and smoothing filter
templates. They are described in details in the fol-
lowing Section 2.2.1 and Section 2.2.2: direction-
al edge detection and preliminary smoothing.

2.2.1. Directional edge detection

In our designed model, we extract edges direct-
ly instead of analyzing differences between edg-
es and flat area in their representation of pixel
value or coefficient in other domain and giving
a protection to edges. As we all know, edge of
a grayscale image is where the grayscale value
of a pixel changes, which are usually in the form
of a step change or a roof change. The more edge
pixels are detected; the more possibility they
can be protected. Traditional edge detection
methods are based on spatial computation with

the spatial differential operators. We propose
a mode of edge detection with directional tem-
plate of variable size based on Prewitt operator.

Various sizes of directional templates are alter-
natives to meet the different size and scene of im-
ages such as 3x3, 5x5, 7x7 and so on. Here we use
5x5 template as an example. If we take full advan-
tage of the 5x5 template, eight directions will be
detected and eight convolutions will be designed.
When the size of directional templates is 5x5, they
can be set as examples in the following form:

0O 0 O o0 oO
1 1 1 1 1
covi=|0 O O O O

-1 -1 -1 -1 -1
0O 0O O o0 o
010 -10
010 -10
cov2=0 1 0 -1 O
010 -10
010 -10
0O 0 0o 1 o
0O 0 1 o0 -1
cov3=0 1 0 -1 O
1 0 -1 0 O
0O -1 0 0 O
0O 1 0 o0 O
-1 0 1 0 o
covd=|0 -1 0 1 O
0O 0 -1 0 1
0O 0o O -10
00 1 0 -1
00 0O 0 O
covb=|0 1 0 -1 O
00 0O 0 O
10 -1 0 O
0O 0 0 0 1
0O 0 1 0 O
cov=|1 0O O 0 -1
0O 0 -1 0 O
-1 0 0 0 O
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1 0 0 0 O Obviously, the above convolution templates

0O 01 0 O covl, cov2, cov3, cov4, covd, covb, cov7, and cov8

o are used to judge the horizontal edge, the vertical
cov/=-10 0 0 1 edge, the 45° edge, the 135° edge, the 22.5° edge,
6 06100 the 67.5° edge, the 112.5° edge, and the 157.5°

0O 0 0 0 -1 edge separately. The obtained convolution results

are defined as Ej, and k is the serial numbers of

-1 0 1 00 filter templates which are decided by the size of

0O 0 O 0O directional templates. Fugure 2 illustrates the
cov8=/0 -1 0 1 ol @) convolution results of 5x5 directional templates.
0 0 0 00 Covl and cov2 use five pairs of pixel point in-
formation; cov3 and cov4 use four pairs of pixel

0 0 101 point information; covb, cov6, cov7 and cov8
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only use three pairs of pixel point information.
Consequently, it is necessary to conduct a nor-
malization processing. For a pixel point (i, j), the
following processing is required

Ek(i.]) = Ex(i.))/s, (5)

where s is the amount of pixel point pairs the
convolution used and Ej, is the normalized pix-
el intensity of E,,.

2.2.2. Preliminary smoothing

On the basis of the calculated and normalized
convolution results, the filter template that
produced by one-dimensional Gaussian formula
is weighted accordingly. At every single edge de-
tection direction, one-dimensional Gaussian fil-
tering is put into the filter template under the
same size of directional templates. We use this
kind of filter template to receive the filtering re-
sults. Every single directional edge is protect-
ed and the other portions are smoothed by the
smoothness property of the Gaussian. If the posi-
tion of the template is used to be closer to the fil-
tering center, the filtering effect will be smaller.

G(r) = ———exp(—r2 7262), (6)
2162
e (1,3) = Dori (i,J) 9k - (7)

Here, r defines the Euclidean distance between
filtering center and weight position. The filter
template is denoted as g, in the formula. Next,
filter templates are given as examples with the
degrees of 0, 45, and 67.5

0 0 0 0 0
0 0 0 0 0
0; =(0.0545 0.2442 0.4026 0.2442 0.0545|,
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0.0103
0 0 0O 0.2076 O
g3=| O 0O 0.5642 O o |
0 0.2076 O 0 0
0.0103 O 0 0 0

0O 0 0 0 O
0O 0O 0 00.0705
=/ O 00.85900 0 | (8
0.07060 0 0 O

0O 0 0 0 O

In order to use filter templates with differ-
ent directions more effectively, weights should
be assigned to filter templates, so that the back-
ground noise can be smoothed on the condition
of maintaining the directional edge informa-
tion. The weight coefficient distribution method
of each filter template is as follows: to contra-
pose one pixel (i, j), if E/(@, j) in every direction
detected in the previous step is equal to 0, the
weight of I,(@i, j) will be divided equally by 1.
And the weight is calculated by

max (k)

wi (i) = Ee(i.i)/ > Ek(i.j). (9)
k=1

According to the above weight calculation
formula, the larger the numerator is, the larger
the calculated weight will be. It indicates that
the weight distribution mainly depends on the
numerator that represents the possible existence
of some kind of edge. As the likelihood of the ex-
istence increases, the weight of the correspond-
ing edge-direction filtering template will also
rise. Therefore, the filtering can suppress the
noise while retaining edges. The weight values
calculated above are transformed by nonlinear
mapping to widen the gap between weight coeffi-
cients. The specific nonlinear mapping process is

max(k)

wi(i,3) = (Wi () /S (wi(ii)’ (10)
k=1
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Fig. 3. Directional smoothing sketch map.



Here, v is adjustable. When y = 1, weight coef-
ficients are not stretched. Hence, y should be
given a value that is more than 1 to provide
a more effective protection to edges. The direc-
tional smoothing sketch map is given in Fig. 3.

Through the directional smoothing model,
we detect the pixels on the edges and control
the direction of Gaussian smoothing. In accor-
dance with characteristics of one-dimensional
Gaussian filtering, edges are preserved well as
a result and other regions are received a pre-
liminary smoothing. The processin effect can be
seen in Fig. 4.

2.3. Smoothing correction

Through the directional smoothing model which
focuses on edge-preserving, a simple denoised ef-
fect has been achieved. However, smoothing cor-
rection is necessary on account of the fact that

(a)

(b)

Fig. 4. Example of preliminary processing result
with directional smoothing model. (a) noised image,
(b) preliminary smoothing result.
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smoothing effect is not ideal, because Gaussian
templates used in directional smoothing don’t
offer enough smoothing in nonmarginal region.
Local standard deviation (LLSD) and threshold T
are adopted to make the flat area smoother. The
specific correction formula is

Ip(i.j)=
@t e (1) (1 1) Imean (1,J), LSD(I, ) <T »
~ pre(i.J), LSD(i, j)>T (1)

where I is the denoised image of the final out-
put; I .., refers to the image obtained after the
mean filtering; I, is the result of direction-
al smoothing model and ¢ is the coefficient ob-
tained according to the LLSD value and threshold
T is used to distinguish edges and flat areas and
determine how many details we retain directly
and the bigger t makes smoother result. Here we
choose T as 25% of (LSD), .«

t(i, j) = (T —var(i, j))® 70.5(T — Min)3 +0.5. (12)

The role of ¢ is to ensure the smooth transi-
tion between smooth region and non-smooth re-
gion by controlling weight of result of mean fil-
tering and directional smoothing model.

Figure 5 is a contour plot that demonstrates
the value of t. White areas surrounded by blue
curves are details and edges. This means our
smoothing correction maintains the edges and
details after the process of directional smooth-
ing model. Green areas and yellow areas are flat-
ted areas according to our smoothing algorithm.
Areas with more yellow pixels represent smooth-
er areas. On the contrary, the more details can
be reserved in the areas with more green pixels.

100 200 300 400 500 600 700

o Gy o S R R f:::___ié:Yé'.‘!SET.‘_a
100F
150 ¢
200b L
250fhi
300
350fE:
400
450f
500E"

Fig. 5. Contour plot of value ¢.
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3. EXPERIMENTAL RESULTS

In order to validate the proposed approach in de-
noising, we acquired a comparison in the opera-
tion effect of other three denoising technolo-
gies, including NL-means [5], bilateral filtering
[2], and BM3D [14]. In this section, subjective
assessment reflects human visual perception
and objective assessment uses peak signal-to-
noise ratio (PSNR), structural similarity (SSIM)
index [21] and gradient magnitude similari-
ty deviation (GMSD) [22] to give a quantitative
analysis on the performance of the four algo-
rithms.

3.1 Subjective assessment
In this section, we use noised images with stan-
dard deviation 25 to test general denoising ef-
fect among four algorithms. In the last group,
the standard deviation is set to be 50. A compa-
rison of denoising effect is revealed to test per-
formance of four algorithms when noise is more
serious.

The first sample image shown in Fig. 6 is
chosen as the representative of images with
obvious directions details. These four algo-

rithms show similar denoised results in gen-
eral. Nevertheless, if we enlarge the image, we
can find that considering holding directional
details, the proposed algorithm gains the effect
that is similar with NL-means and BM3D, com-
pared with bilateral filtering. Moreover, we see
a better performance on maintaining the con-
tour of tire, and more details are preserved to
make the image look like the original one in the
top right corner, the area of grass and soil.

In Fig. 7, we can pay our attention to the flat
area where targets are concentrated. In other
words, we need to take a closer look at the flat
area with full of details around. To see the
smoothing results conveniently, three versions
of enlarged image of inflatable dinghy are pro-
vided. We can see that there is defective effect
in the result of bilateral filtering. However,
the flat area has similar smooth effect and
keeps the original gradient effect of grayscale
in Fig. Tc, e, f after the processing of NL-means,
BMS3D and proposed method. Besides, through
observation of the original image, we believe
that the proposed method has ability to reflect
the details of the image.

Fig. 6. Output results of three algorithms on “bicycle” image: (a) original image, (b) noised image,
(c) NL-means(PSNR = 25.9932, SSIM = 0.9640, GMSD = 0.1121), (d) bilateral filtering(PSNR = 22.6922,
SSIM = 0.9237, GMSD = 0.1046), (e¢) BM3D (PSNR = 27.1347, SSIM = 0.9720, GMSD = 0.0899), and
(f) proposed algorithm (PSNR = 24.8803, SSIM = 0.9544, GMSD = 0.0918).
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Fig. 7. Output results of three algorithms on “boat” image: (a) original image, (b) noised image, (c) NL-means
(PSNR = 27.0126, SSIM = 0.9716, GMSD = 0.1152), (d) bilateral filtering (PSNR = 25.9932, SSIM = 0.9640,
GMSD = 0.1121), (e) BM3D (PSNR = 27.8112, SSIM = 0.9771,GMSD = 0.0931), and (f) proposed algorithm
(PSNR = 25.8280, SSIM = 0.09616, GMSD = 0.0982).

Fig. 8. Output results of three algorithms on “mountain” image: (a) original image, (b) noised image,
(c) NL-means (PSNR = 24.2164, SSIM = 0.0.9527, GMSD = 0.1252), (d) bilateral filtering (PSNR = 23.0585,
SSIM = 0.9406, GMSD = 0.1076), (e) BM3D (PSNR = 24.8665, SSIM = 0.9597, GMSD = 0.1007), and
(f) proposed algorithm (PSNR = 23.9916, SSIM = 0.9512, GMSD = 0.0964).
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Fig. 9. Output results of three algorithms on “parrot” image: (a) original image, (b) noised image,
(c) NL-means (PSNR = 25.5366, SSIM = 0.9849, GMSD = 0.0760), (d) bilateral filtering (PSNR = 26.2454,
SSIM = 0.9657, GMSD = 0.0887), (¢) BM3D (PSNR = 29.8495, SSIM = 0.9837, GMSD = 0.1007), and (f)
proposed algorithm (PSNR = 27.0612, SSIM = 0.9818, GMSD = 0.0792).

Figure 8 is provided to illustrate a general
denoising effect of four algorithms. Overall,
the more favorable smooth result of image is
produced by BM3D and the proposed algorithm
to give people a more pleasing vision, com-
pared with bilateral filtering and NL-means.
Furthermore, the most details are lost in the
area of the river, trees and mountain in the
image after it is produced by NL-means, even
though the denoising effect is fairly good.
As a result, the proposed algorithm is an effec-
tive denoising method.

In Fig. 9, denoising performance of the four
algorithms is compared under the stronger
noise caused by Gaussian noise with a stan-
dard deviation of 50. It seems that NL-means
perform best in Fig. 9c, keeping really de-
fined edges and clean background with less
lose of details. However, the result of BM3D
has the problem that edges become unsharp
and obvious chunking effect can be noticed.
However, Bilateral filtering result still shows
grainy effect. In the end, our proposed method
in Fig. 9f, on the basis of denoising, can still
maintain details well.

3.3. Objective Assessment
Image processing and image reconstruction al-
ways focus on making better images. However, it
is controversial to define “better” relying entire-
ly on subjective assessment. Objective approach
is necessary to determine quantitatively how well
the task is performed. Experimental subjects here
are all 24 images from the Kodak Lossless True
Color Image Suite for objective assessment [23].
As a statistical parameter, PSNR is com-
monly used in the objective way to assess image
fidelity. It is usually used to evaluate the qual-
ity of an image after compression of the original
image. The larger values indicate less distor-
tion. Although sometimes it is not consistent
with the subjective way, it can still reflect the
degree of image distortion to some extent. This
evaluation index can be calculated by the follow-
ing formula:

1HW

MSE =—— > S (X))~ Y(@.)%.  (13)
w22
_ (2"—1)2]



Here, MSE represents the mean square error of
the current image X and the reference image Y, H
and W are the height and width of the image re-
spectively, n is the bits number per pixel which
usually values 8.

In addition, SSIM [21] is adopted to mea-
sure the structural similarity of two images on
bright, contrast and structure. Because of this,
structural similarity is more consistent with the
human eye’s judgment of image quality in the
measurement of image quality. The SSIM of two
images is calculated by following formulas:

2 +
I(X,Y) =Xy G (15)
Hx ™ +Hy” +C
204Gy +
o(X,Y) =220y tC2 (16)
Ox +0Ovy +C2
s(X,v) = Oxy +Cs (17)
OxOy +C3

where 1y, ny means the mean of images X and
Y respectively and oy, oy are the standard de-
viations. Meanwhile, oyy is the covariance.
C;, Cy, C3 are constants to avoid having a zero
in the denominator under a normal value that
C; = (KxL)?, Cy = (KoxL)?, C3 = Cy/2 and
K, =0.01, K, = 0.03, L = 255. Finally

SSIM(X,Y) = 10X, Y)c(X, Y)s(X,Y).  (18)

The SSIM value range is [0, 1]. The larger
the value is, the smaller the image distortion
will be.

In Figs. 10 and 11, the average PSNR and
SSIM values are plotted, according to differ-
ent noise standard deviations of 24 images from
the Kodak Lossless True Color Image Suite.
An overall decline is shown from three com-
pared algorithms as the noise standard devia-
tion increases. However, the proposed algorithm
has a better performance than bilateral filter-
ing and is able to approach processing effect of
NL-means. Compared with the other three algo-
rithms, BM3D has good capacity under low noise
standard deviation. Nevertheless, with increase
of noise standard deviation, all algorithms, es-
pecially SSIM, have a sharp decline and get
a fairly poor value. In general, it is indicative
that the proposed algorithm has made a proper
denoised effect.
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Fig. 10. Comparison of average PSNR of three algo-
rithms. I — proposed algorithm, 2 — NL-means,
3 — bilateral filter, 4 — BM3D.
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Fig. 11. Comparison of average SSIM of three algo-
rithms. 1 — proposed algorithm, 2 — NL-means,
3 — bilateral filter, 4 — BM3D.

Considering the edge damage caused by
denoising operation and the high sensitivity
of gradient on image distortion, evaluation on
the edge retention of the algorithm is indispen-
sable. We use GMSD [22] to assess the quality
of the denoised image. The GMSD of two images
is calculated by following formulas:

1/3 0 -1/3
hy=/1/3 0 -1/3|,
1/3 0 -1/3
/73 1/3 1/3
hy: 0 0 o | (19)

-1/3 -1/3 -1/3

2m, (i)my (i) +c

GMS(i) = .
¥ m¢ (i) +mg (i) +c

(20)
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Fig. 12. Comparison of average GMSD of three algo-
rithms. 1 — proposed algorithm, 2 — NL-means,
3 — bilateral filter, 4 — BM3D.

Here, h,, h, are used to convolute the im-
age and get the gradient magnitude of hori-
zontal and vertical directions and the results
are defined as r and d, i is the location of pixel.
After the calculation of the formulas, the local
gradient field of each small patch can be calcu-
lated. If such a local gradient field is directly
used for average processing, it can also reflect
the change of image quality, which is called

GMSM. And in this method, the deviation of
GMS in gradient filed is used to make evalua-
tion more suitable. A lower GMSD means higher
quality.

N
GMSD = %Z(GMS(i)—GMSM)Z. (21)
i=1

Figure 12 shows the average GMSD values
of proposed algorithm, NL-means, bilateral fil-
tering and BM3D. We can see that the average
GMSD of proposed algorithm is lower than that
of NL-means and bilateral filtering. Gradient
magnitude similarity deviation of BM3D also
performs a tremendous change with increase
of noise standard deviation. In summary, this
means our proposed method has a better edge
retention ability.

In Table 1, PSNR, SSIM and GMSD results of five
images illustrate the variation trend and overall
denoising effect of four algorithms. Just like Fig.
10, in Fig. 11 and Fig. 12, a general decline of
denoising effect can be seen with the growth of
noise standard deviation. Among four algorithms,
BMS3D has a more outstanding results compared

Table 1. PSNR, SSIM and GMSD comparison of five runs

Input | Standard NL-means

Bilateral Filter

BM3D Proposed Method

deviation | PSNR | SSIM | GMSD | PSNR | SSIM | GMSD | PSNR | SSIM | GMSD | PSNR | SSIM | GMSD

image
15 30.0622 0.9952 0.0902 26.425 0.9888
= 25 20.8381 0.9950 0.0923 26.3045 0.9886
S 35 29.0979 0.9944 0.0906 25.9567 0.9881
50 26.7365 0.9920 0.0899 24.5488 0.9854
o 15 29.1008 0.9829 0.0952 25.2529 0.9584
i 25 28.8325 0.9827 0.0950 25.1244 0.9583
g 35 27.9366 0.9813 0.0950 24.7238 0.9567
* 50 25.6471 0.9763 0.0952 23.434 0.9514
15 29.5092 0.9733 0.0865 24.7357 0.92
é 25 20.1576 0.973 0.0855 24.6229 0.9196
'§ 35 27.9366 0.9813 0.095 24.7238 0.9567
50 25.6471 0.9763 0.0952 23.434 0.9514
15 30.7239 0.9826 0.0828 26.1942 0.9508
2 25 30.3039 0.9826 0.0812 26.071 0.9507
=

Average 28.51

35 20.226 0.9815 0.091 25.6119 0.9498
50 26.4134 0.9785 0.0908 24.0848 0.9467
0.9830 0.0910 25.0780 0.9576

0.0888 33.5859 0.9979 0.0485 28.765 0.9934 0.0835
0.0879 30.7687 0.9960 0.0769 28.5799 0.9932 0.0825
0.0882 29.3464 0.9942 0.0995 28.0078 0.9927 0.0829
0.0884 27.7663 0.9890  0.1236 26.3892 0.9901 0.0892
0.096 33.4905 0.9938 0.0473 28.3837 0.9780 0.0831
0.0957 30.098 0.9876 0.0743 28.5799 0.9932 0.0825
0.0956 28.8307 0.9815 0.0956 28.0078 0.9927 0.0829
0.0960 26.4428 0.9679 01231 25.5793 0.9719 | 0.0918
0.1026 34.3962 0.9915 0.0371 28.6555 0.9574 0.0957
0.1023 31.0203 0.9833 0.0647 27.8618 0.9601 0.096
0.0956 28.8307 0.9815 0.0956 27.1566 0.9604 0.0944
0.096 27.8567 0.0959 @ 0.1157 25.8084 0.9581 ' 0.0920
0.0941 35.0489 0.9935 0.0424 29.9006 0.978 0.087
0.0950 31.8595 0.9881 0.0697 29.8814 0.9783 0.0897
0.0952 31.1767 0.9839 0.0878 29.1285 0.9742 0.0919
0.0946 29.6189 0.9763 01129 29.0679 0.9756 0.0922
0.0945 30.6335 0.985313 0.0822 28.1096 0.9780 0.0885




with other algorithms. Proposed method shows a
similar performance to NL-means. One thing should
be noticed is that the proposed method has
prominent and steady performance in GMSD.
However, BM3D gets terrible results after noise
standard deviation at
a high level, which means its ability to retain
becomes relatively poor.

4. COMPUTATIONAL COMPLEXITY

In terms of the amount of calculation, the algo-
rithm has its advantages. The convolution tem-
plate is fixed, and there is no need to perform lo-
cal transformation according to the image infor-
mation. In addition, the Gaussian filter template
only needs to be adjusted according to the fil-
ter parameters, and the calculation amount can
mainly be reflected when filtering the weight
correction based on the edge information. As a
result, proposed algorithm has a smaller compu-
tational cost than bilateral filtering, NL-means
and BM3D.

Table 2 lists the average execution times of the
proposed algorithm, NL-means and Bilateral fil-
tering under the noise standard deviation of 25.
The objects of the test are also all the images from
Kodak Lossless True Color Image Suite. The siz-
es of the objects are 768x512. We use a personal
computer with a 3.3 GHz central processing unit
for this test. It can be seen that our algorithm has
obvious advantages in processing speed, com-
pared with other methods, especially NL-means.
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Table 2 Execution Time Comparison

Algorithm Time(s)
Proposed 7.389
NL-means 796.356
Bilateral filter 7.871
BM3D 243.3135

5. CONCLUSION

In this paper, we present an image denoising
method mainly based on a directional smooth-
ing model, which is able to distinguish edge pix-
els and control direction of smoothing process.
Unlike other denoised methods, diversified edge
detection templates are employed to extract
edge information. This operation helps to guide
obtaining weights of every directional smooth-
ing result using directional smoothing filter ac-
cording to one-dimensional Gaussian function.
This model guarantees to maintain edges and
details. Finally, smoothing correction is applied
to gain better denoised results. The proposed
algorithm demonstrates good performance.
To the best of our knowledge, the PSNR and
SSIM results shown in Fig. 10 and 11 to evalu-
ate the ability of denoising are similar to results
of NL-means and BM3D, which have more com-
plicated strategies. However, the GMSD results
shown in Fig. 12 and execution time comparison
results perform well to prove the superiority of
edge preserving and processing speed.
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