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Abstract

In this paper, the author researched on the model of image denoising based on the fusion of anisotropic diffusion
and total variation models. The noise is present at almost all data. The noise can degrade image quality, as a result
the interpretations and analysis of the image will be much harder. Denoising is the process of reducing the noise.
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The topic of denoising has attracted the attention of the majority of researchers in the field of image processing.
The efforts of researchers have contributed to the innovation and development of several of denoising techniques.
The mufti-resolution geometry analysis, which is based on wavelet theory, has attracted a lot of attention. In spite
of this, wavelet transform suffers from some drawbacks such as poor directional selectivity and absence of phase

information.

Keywords: MODEL, FUSION OF ANISOTROPIC DIFFUSION, TOTAL VARIATION MODEL, IMAGE

QUALITY

1. Introduction

An image is usually corrupted by noise in its ac-
quisition and transmission. The degraded image se-
verely affects the following image processing, such
as image super resolution, image segmentation, im-
age recognition, feature extraction. Thus, image de-
noising becomes a fundamental and important image
processing for improving the quality of image. The
goal of image denoising is to get a clearer and richer
detailed image. Preserving the important structures
such as edges and textures has important theoretical
significance and application values. It is well-known
that image structures are important for visual percep-
tion.

Hence, Chen’s paper [1] mainly focuses on image
denoising model for edge-preservation and texture-
preservation. Several new image denoising methods
are proposed based on wavelet transform, kernel re-
gression and nonlocal means, respectively. Using the
scale correlation and maxima modulus of wavelet co-
efficients, Jin [2] defines two new wavelet correlation
coefficients based on maxima child nodes, and pro-
pose a new scale correlation based image denoising
method. Sun [3] extends these definitions to fraction-
al B-spine wavelet coefficients. Both theoretical and
experimental results demonstrate that the proposed
correlation coefficients can capture the structure in-
formation in high frequency sub bands. So more edg-
es and textures are kept in the denoised image and the
quality of denoised image is improved. To overcome
the shortcomings of the regularity exponent based
image denoising model, a new image denoising mod-
el combing the regularity exponent and image total
variation (TV) is proposed. The model fully utilizes
the relationship between wavelet coefficients and sig-
nal regularity. So the image regularity is modified by
changing the wavelet coefficients in different scales.
The noise is reduced while sharp edges are preserved;
meanwhile, the Gibbs phenomenon is disappeared.
With the fractional B-spline wavelet instead of the
traditional wavelet, Wu [4] establishes a denoising
algorithm based on the fractional B-spline wavelet
and total variation. In this case, edges and textures
are both maintained in the denoised image. An adap-
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tive kernel regression model based on structure tensor
is proposed. The structure tensor, which can exploit
the local gradient structure information, provides in-
formation to achieve a data-adaptive kernel function.
Due to the accurate estimation of edge orientations,
edges and textures structure information are well pre-
served and a better visual effects are achieved during
denoising and interpolation. Meanwhile, the RMSE
is also proved the effectiveness of the algorithm. To
overcome the shortcomings of Steering kernel regres-
sion, two more robust kernel functions are applied to
kernel regression, which are robust to micro-edges.
On the image edges, the kernel functions have a faster
decay, and the weight of pixels are assigned a small
value. Thus it discourages the pseudo-edges. Experi-
mental results of image denoising and interpolation
show that the efficiency of the proposed models, es-
pecially to the image with less textures and more edge
details. Yu [5] proposes a novel nonlocal TV varia-
tion model, where the fidelity term is based on the
Patch similarity, and regularity term is nonlocal TV
priori. The iterative nonlocal provides structure simi-
larity between noisy and denoised images; while the
nonlocal TV preserves the edge and texture details.
Compared with other related denoising methods, the
proposed model can preserve more structure informa-
tion in denoised image, especially to the image with
much noise. Combining the nonlocal Patch similarity
regularization with TV regularization, Yang [6] pro-
poses a new nonlocal Patch self-similarity regularized
image denoising model. The similarity of Patches are
said to be accurate, by introducing adaptive structure
tensor to compute weight function of nonlocal Patch
similarity. So in the denoised image, more structural
features can be retained. A simpler and more effec-
tive algorithm, Split Bregman algorithm, is used to
solve the model iteratively. By extending the model
to image restoration, our model improves the quality
of restoration image and the efficiency of computa-
tional complexity.

2. The Total Variation Model

The major problem of image processing is how
to remove noise without blurring edges of the image.
Commonly noise pertains to the high frequencies in
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an image, and the image details (edge and tenure);
principally appear also in regions of high frequen-
cies. The most effective algorithm is the one that has
the ability to solve this contradiction. More precisely,
least diffusion is in the regions that potentially con-
tain more image features, and most diffusion is in the
regions that potentially contain less image features.
Wherefore in our current work the gradient in each
region of the image is calculated as a measure of the
amount of image details.

In our image smoothing scheme, the image gra-
dient Du keeps changing as the iterative evolution
changes. Consequently, the threshold, which is used
to determine either the region that is an edge or a flat
area, should not be steady, but keeps changing with
the number of iterations.

Image denoising is a basic topic in the field of
image processing and computer vision. The aim of
image denoising is to remove noise while preserving
image details as much as possible. The existing image
denoising methods are classified into local methods
and nonlocal methods, the nonlocal means (NLM)
methods as a brand-new image denoising strategy was
proposed in recent years. The proposed algorithms
obtain better image denoising results than the origi-
nal NLM method and several existing NLM methods.
Moreover, we pay close attention to the problem of
impulse noise removal and extend NLM method to
remove impulse noise from images. The proposed
algorithm is capable of effectively suppressing any
type of impulse noise and mixed impulse noise, in
contrast to many existing methods which are special-
ized for impulse noise removal.

For detection, a robust local image statistic, called
the extreme compression rank-order absolute dif-
ference (ECROAD), is designed to detect impulse
noise in an image. For filtering, a universal impulse
noise filter is proposed by combining ECROAD re-
sults with NLM filtering framework. The proposed
impulse weight is able to avoid the effect of noisy
pixels in computing similarity weight and restoring
candidates. The patch-based similarity measure can
provide higher correlation between the corrupted
pixel and neighborhood pixel. Higher correlation
gives rise to better noise suppression and edge pres-
ervation. Experimental results demonstrate that the
proposed filter is efficiently able to suppress any type
of impulse noise and mixed impulse noise, and out-
performs other universal impulse noise filters and
some existing filters which are specialized for differ-
ent impulse noise models.4. We present two filters,
noise adaptive edge-preserving filter (NAEPF) and
noise adaptive switching bilateral filter (NASBF),
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for removal of salt-and-pepper noise. For detection,
two extreme intensity values are used to identify pos-
sible noise pixels. For filtering, NAEPF is first de-
veloped for noise suppression and details preserving.
It adopts three different filtering techniques for noise
removal and detail-preserving, switching filtering,
edge-preserving filtering, and noise adaptive median
filtering. Switching filtering can retain noise-free pix-
els unchanged. Edge-preserving filtering can preserve
more image details. Noise adaptive median filtering
can suppress high-level salt and pepper noise. Then,
NASBEF is proposed by combining noise detection re-
sults with NAEPF estimation.

The new function is continuous and has infinite
rank continuous derivative. It is suitable for various
mathematical processing. At the same time, the new
function satisfies the shrinkage condition and it has
adaptive character. These advantages make it pos-
sible to construct an adaptive algorithm for signal
denoising. Moreover, computationally efficient for-
mulas for computing bias, variance and risk of the
adaptive thresholding function are derived. Some nu-
merical experiments show the new function can pre-
serve more significant information of original images
and gives better performance in PSNR and visual
quality.4.A novel image denoising algorithm is ob-
tained by combining tartlet transform with Stein’s un-
biased risk estimate approach. Hence, it integrates the
advantages of two methods. This approach took ad-
vantage of a multi-scale framework and directionality
of tartlet transform to preserve the significant infor-
mation of original image like edges and details. And
Stein’s unbiased risk estimate approach denoises an
image by minimizing the mean squared error (MSE)
between the clean image and the denoised one. It is
unnecessary to set a known thresholding. Numerical
results show the effectiveness of our technique.

Two parameters for optimal threshold function
are obtained from niche adaptive genetic algorithms.
Based on crowding mechanism, punishing function is
adopted to adjust individual fitness and advance glob-
al capability. We minimize an estimate of the mean
square error by using genetic algorithm. Numerical
experiments show that the proposed new algorithm is
very effective in adaptively finding the optimal solu-
tion in mean square error sense.6.Image quality im-
proving techniques based on partial differential equa-
tions are famous for the capability of denoising while
keeping edges sharp because of the different filters in
edges and inner area. Combined with the multi-scale
transform, a new image denoising model is proposed
with better results for human vision characteristics.
The new model has got excellent experiment results
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of denoising while keeping texture and geometry
structure unfading.

3. The Fusion of Anisotropic Diffusion Algo-
rithm

The basic equation is shown in the following
equation (1) and (2):

(a+ce)e
01-03= —121 (1
(a+bsg))
(ag +c)e
01-03= 1—21 (2)
(a + bgl)
where, oy —o3 refers to the optimization parame-

ter; & is the axial strain; and a, b, c are fitting param-
eters. The boundary conditions are shown in Eq. 3:

d(O'l —0'3) _ EO
de =0
(@1-03),_, =(01-03)max
ax (3)
d(O'li— 0'3) _ O
¢ €=%max

where E| is the initial elastic modulus of BFRS;
Emax 1S the maximum strain; and (o] — 03 ). refers
to the maximum deviatoric stress.

Substituting Eq. 2 to Eq. 3, we can obtain

— E0381 ]a2
—(Eo&max )2 la 4)

2
~03)max €max =0

2
[4(01 —03) max Eo
+[8(O-1 —03 )max EOgmax

+4(O'1

Eq. 4 indicates that the maximum deviatoric pa-
rameter which is determined by parameter a. Param-
eters m, n, p can be defined as follows:

2 3
4(o1 —03) max Eo” —Eg 61 =—

(Eogmax )2 - 8(0-1
4(oy

—03 )max Egémax =1 (5)

2
~03)max €max = P

Therefore,

ni\/n2 —2mp

m

2_
b=i+ni\/n 2mp 6)

a=
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The model is adopted to describe the curves in
these conditions, and the equation is shown as fol-
lows:

2
. = 7
O-l “ a+ bgl ( )
where
1 1
ag=— = ®)
- E
(T3, L 0
&
1 1
)

(01 -03 )gl—>oo (01 =03 max

The above two conditions can be expressed as fol-
lows:

EIueNc( )<B/2 (10)

(11

Correspondingly, the weight coefficient e, is de-
fined as follows:

o =min{c(Pu*S)|ueNk} (12)

Therefore, the relocation direction is as follows:

Doy W)/IN[< B2

1<k<4

Dr={k|max{a)k}} (13)

Afterwards, the optimization problem is described
as follows.

WTW

&
J — = 14
(1) =575 2o (14)

where the following equality constraints should be
satisfied.

y(x)=wT-é’(xi)+b+ei,i6{1,2,---,N} (15)

Afterwards, the Lagrangian function is defined as
follows.

WTW

N
2.

=

5(w,b,e,a) =

NIN

—_

(16)
Za (w é‘

In Eq.4, «; represents denotes the Lagrange mul-
tipliers that can either be positive or negative state
under the equality constraints, so we have:

+b+e —yl)

a5 Y

w0 2 ) (1)
N

P05 =0 (18)
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@=0—>ai=ﬂj-€i,i€{l,2,---,N} (19)

aei

§—5=0—>yi=wT-§(xi)+b+ei (20)
a.

1

Particularly, in each iteration, fitness functions are
evaluated for all particles and then the number of it-
erations is obtained as follows.

X =(x’1,x’2’--~,x’D)
v =(Vll’v12,”',le)

Therefore, a specific can be updated by the follow-
ing two equations.

ey
(22)

i i i
Vil T Wi Vi 810G '(pbest —xk)
(23)

i
8301 '(gbest _xk)

Xl =3 ks (24)
Parameter w, refers to the inertia weight, it can be
calculated as follows.

k-1

- (Wmax ~ Whin )

Wi =Whax — (2 5)

¢) SNR Algorithm f) New Algorithm

Figure 1. Results of denoising obtained with Lena image

(256 x 256 bit)
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4. The Experiment Analysis

To evaluate the proposed algorithm, we select
Lena Cameraman and Boat images as examples. In
our experiments, we pollute Lena image by salt and
pepper noise, while Cameraman and Boat images are
polluted by white Gaussian noise. The experimental
results are shown in Figures 1-3, where in each figure
is described respectively the original image, the noisy
image, and the results by: the ID algorithm, the TV
algorithm, the Ref algorithm, and our new algorithm.
The results of the new algorithm are compared with
those of ID algorithm, TV algorithm and new algo-
rithm. In our experiments the parameters are selected
as follows: the time step size At=0.1, the grid step
size h=1, A=0.01, k=15, and the number of iteration
N=50.

Figures 1-3 show that the new model has the best
impact on the denoising among the four models, since
it not only maintains the advantages of the isotropic
diffusion model, TV model, but also overcomes the
disadvantage of the two models.

This verifies the superiority of our model in terms
of removing noise and preserving edges of the image.
From figures 1 and 2 we can discern that the quanti-
tative assessments (PSNRs and SSIMs) of the four

’ e) S Agorithm f) w Alorithm

Figure 2. Results of denoising obtained with cameraman
image (256 x 256 bit)
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¢) SNR Algorithm f) New Algorithm

Figure 3. Results of denoising obtained with boat image
(256 x 256 bit)

algorithms decrease as the variance of the noise in-
creases. Nonetheless the values of PSNR and SSIM
of the new model are the best (highest) among the
four algorithms for the same variance.

Figures 2 and 3 show the relationship between the
variance of the noise and both of PSNRs and SSIMs
respectively, from which we can see that the PSNRs
and SSIMs for the new model are the highest among
the four models.

The algorithm proposed in this paper can be im-
plemented as follows:

Step 1. Input observed image u,

Step 2. Set values of the initial parameters h, A, At,
k and the iteration number N, n=1, u=u_

Step 3. Calculate K by (3.3.3).

Step 4. Calculate the image gradient magnitude.

Step 5. Calculate 0 by (3.3.2).

Step 6. Calculate n by (3.3.4).

Step 7.Calculate

Step 8. n=n+1

Step 9. Output. if n<N, return to step 4.

Conclusions

In this paper, the author researched on the model
of image denoising based on the fusion of anisotro-
pic diffusion and total variation models. Commonly
noise pertains to the high frequencies in an image,
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and the image details (edge and tenure); principally
appear also in regions of high frequencies. The most
effective algorithm is the one that has the ability to
solve this contradiction. More precisely, least diffu-
sion is in the regions that potentially contain more
image features, and most diffusion is in the regions
that potentially contain less image features. Where-
fore in our current work the gradient in each region
of the image is calculated as a measure of the amount
of image details. To evaluate the proposed algorithm,
we select Lena Cameraman and Boat images as ex-
amples. In our experiments, we pollute Lena image
by salt and pepper noise, while Cameraman and Boat
images are polluted by white Gaussian noise. The re-
sult shows that the model of the fusion of anisotropic
diffusion and total variation models can achieve bet-
ter performance in image denoising.
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Abstract

This paper presents a measurement method of dynamic bridge deflection detection in high frequency based on
digital imaging technology. This system based on digital imaging theory and the hardware including matrix cam-
era, long telephoto lens, laser rangefinder, target markers, auxiliary lighting, and industrial tablet. Target markers
were continuously collected by the camera in high frequency, wirelessly transferred to industrial tablet. Based on
the algorithm of HALCON, target images were recognized by user application program which is developed under
Visual Studio 2010 C++. By calculating the center position of the target image, the target markers displacement
is achieved. Experiments show that the method can achieve the detection accuracy of 0.1 mm and this method is
characterized with non-contact, remote and dynamic automated detection, high precision, etc.

Keywords: DEFLECTION, BRIDGE, IMAGING, CAMERA, DYNAMIC

1. Introduction

Deflection is a very important indicator in bridge
security evaluation, which directly reflects the car-
rying capacity of the bridge structure. The value of
bridge deflection needs to be measured accurately in
both static and dynamic state in bridge test, as well
as unsafe bridge renovation and new bridge accep-
tance. The impact coefficient and structural internal
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force distribution of loads can be drawn from numeri-
cal analysis of dynamic deflection to determine the
integrity of the weak parts of bridges [1]. Traditional
bridge deflection detecting methods are as follows:
dial indicator, level gauge and theodolite. Modern
measurement ways include line CCD, total station
instrument, communication pipe, inclinometers, laser
imaging, and differential GPS [2-4].
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