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ABSTRACT

The aim of multi-focus image fusion is to integrate images with different objects in focus so that
obtained a single image with all objects in focus. In this paper, we present a novel multi-focus
image fusion method based using Dempster-Shafer Theory and alpha stable distance. This
method takes into consideration the information in the surrounding region of pixels. Indeed, at
each pixel, the method exploits the local variability that is calculated from quadratic difference
between the value of pixel 1(x,y) and the value of all pixels that belong to its neighbourhood.
Local variability is used to determine the mass function. In this work, two classes in Dempster-
Shafer Theory are considered: blurred part and focus part. We show that our method give the
significant result.
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1. INTRODUCTION

Image fusion is the technique of combining relevant information from multiple images to produce
a single image that contains more information than the input images. The goal of image fusion is
to reduce uncertainty and minimize redundancy on the output as well as maximize relevant
information specific to an application or task. In this article, we deal with merging multifocus
images. Due to the limited depth of field of optical senses in cameras, it is often not possible to
obtain an image containing all relevant objects "in focus". So that a scene image can be taken
from a set of images with different focus. Image fusion method is used to get all focus objects.

There are different approaches of multifocal image fusion techniques that have been performed in
the literature. These approaches can be divided into two types, the spatial domain method and the
multi-scale fusion method. The spatial domain fusion method is performed directly on the source
images. In spatial domain techniques, we work directly on the pixels of the image. Fusion
methods such as averaging, principal component analysis (PCA) [1], maximum selection rule,
two-sided gradient based methods [2], guided image filter based method ( GIF) [3] and the
maximum selection rule fall under spatial domain approaches. The disadvantage of spatial
domain approaches is that they produce spatial distortion in the merged image. Spatial distortion
can be very well managed by multi-scale approaches on image fusion. In multi-scale blending
methods, the blending process is performed on the source images after decomposing them into
multiple scales. Discrete wavelet transform (DWT) [4]-[7], Fusion of Laplacian pyramidal
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images [8]-[14], Discrete cosine transform with variance calculation (DCT+var) [15], method
based on the Salience detection (SD) [16] are examples of domain transformed image fusion
techniques.

As stated in [17], from the point of view of proof, fusion degrades imprecision and uncertainty by
using redundancy and complementary information from the source image. This means that the
weak evidence of the inputs is used to give the best estimate. The proof theory was first proposed
by Shafer in the 1970s, based on Dempster's research. The advantage of the Dempster-Shafer
theory (DST) is that it allows to deal with the lack of preference, due to the limitations of
available information, which leads to indeterminacy, as in [18] and [19]. This theory has been
successful in many applications, including image segmentation [20], [12], pattern classification
[22]-[24], object recognition [25], imaging technology [26], sensor fusion [27], [28].

In this article, we use Dempseter Shafer's theory, which has been successful in various image-
processing methods. It is based on the plausibility and the weight of dependence of each pixel
from a well-chosen distance. We propose the fusion of multi-focal images using the Dempste-
Shafer theory, which derives from information: the variability of each pixel with its
neighbourhood. This variability is calculated from the stable distance alpha between the value of
the pixel I(x,y) and the value of all the pixels belonging to its neighbourhood. The stable alpha
distance (alpha is between 0 and 2) generalizes the quadratic distance. This distance was
introduced at the time of the discovery of stable alpha stochastic variables and processes [29],
[30]. Several works have shown that working in a stable alpha space can improve the estimation
and visibility of certain phenomena whose variability increases significantly [31]-[33]. The
alpha-stable distribution is widely used in the processing of impulsive or spiky signals. It also has
been applied in image processing field. [34] Models the sea clutter in SAR images using alpha
stable distribution for ship detection while [35] removes speckle noise using alpha stable based
Bayesian algorithm in the wavelet domain. Furthermore, alpha stable distribution is also used in
image segmentation [36] and compressive image fusion [37] and alpha stable filter in fusion
image [38]. Both [35], [36], and [36] and Wan employ alpha stable in wavelet domain. This
section provides a brief of the alpha-stable distribution.

Thus, the stable alpha distance measures local variability around a pixel. This distance taken as
an activity measure can detect the abrupt intensity of the image such as the edge. This method
also takes into consideration the information in the surrounding region of the pixels and preserves
the edge.

The originality of this work lies in the fact of combining Dempster Shafer method with the alpha
stable distance adapted to large variations. Thus, we propose a new method that we compare to
other existing methods in the literature and we show that it gives better fusion results.

This article is organized as follows: in section 2, we detail the main elements of the Dempster-
Shafer proof theory. The definition of the stable distance alpha and the proof are presented in
section 3. Section 4 provides the details of the proposed method. Section 5 defines the evaluation
measures used in this article. Experiments are performed on different types of images and the
results are compared with other works are provided in section 6. Section 7 gives the conclusion of
this work.

2. DEMPSTER-SHAFER EVIDENCE THEORY

Let @ represent a finite set of hypotheses for a problem domain, called frame of discernment.
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Define a function m from 2 to [0,1] where 2® be the set of all subsets of &
29 = {4|4 c @l (1)

The function m is called a basic probability assignment whenever
m(e) =0and ¥, o m(A) = 1. 2

m(A) is the measure of the belief that is committed exactly to 4. According to [39], m(A4) is the
degree of evidence supporting the claim that a specific element of & belongs to the set 4, but not
to any special subset of A. Each A of @ such that m(A4) = 0 are called the focal element of m.
By applying the basic assignment function, several evidential functions can be created. A belief
measure is given by the function Bel: 2° — [0,1]:

Bel(d) =Xzca m(B). (3
The plausibility measure PI: 2° ~ [0,1] is defined by [28] as follows:
PI(A) = Zjnp=- m(B) =1—Bel(4).  (4)

Eel(A) measures the degree of evidence that the element in question belongs to the set A4 as well
as to the various special subsets of 4. In stated in [17], an important aspect of DST concerns the
aggregation of evidence given by different sources. If two mass function 1, and m, induced by
distinct items of evidence are such that m,(B) = 0 and m,(C) = 0 for some non disjoint
subsets B and C of @, then they are combinable by means of Dempster’s rule. [41], [42] followed
by [40] suggested a rule of combination which allows that the basic assignments are combined.
The combination (joint mass) of two sets of masses i, and 1, is defined as follows

m, &m,(e)=0 (5

— EBHE':A m, (B)m,(C)
]‘n-j_ G} ]‘n-f ('Aj - 1_EB|"|I:'== m'—':-E:li'J‘l:f_[j (6)

The numerator represents the accumulated evidence for the sets B and C, which supports the
hypothesis 4 and the denominator sum guantifies the amount of conflict between the two sets.
Equation (6) can be written as

_ Egnc=a™, (Bim,(C)
m, B m,(4) P —— (7)
As stated in [43], having a zero mass on a subset A does not mean that the set is impossible,
simply that we are not capable of assigning a level precisely to 4, since we could have non-zero
masses on subsets of A, which would lead us to Bel{A) # 0.

3. ALPHA STABLE DISTANCE

Our method takes into consideration the information in the surrounding region of pixels. Indeed,
at each pixel I(x,y), the method exploits the local variability calculated from alpha stable
distance between the value of pixel I{x,y) and the value of all pixels that belong to its
neighborhood. The idea comes from the fact that the variability value in blurred region is smaller
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than the variability value in focused region, the proof is provided in this section. We use in this
work the neighbor, with the size *"a", of a pixel (x, y) defined as follows:

(x+i,y+jwherei=-a,-a+1,...,a-1,aandj=-a,-a+1,...,a—1, a. For example
the neighbor with the small size (a = 1) contains: (x — 1,y — 1), (x — 1, ¥), (x — 1,y + 1),
(x,y—1), (x, v+ 1), (x+1,vy—1), (x+ 1,¥), (x+ 1,y + 1) as we can see in Fig. 1.

(.‘[-1, .}'1) (JC-]_.}’) (I-l, J+1)

() |y (e y+1)

(ctl,3-1) | (xF1,3) | (etlpt1)

Figure 1. Pixel at (x, y) within its neighborhood, @ = 1

We consider p source images (1,15, =, 1,) where each image has size (R x C). Alpha stable
distance of every source image at pixel (x, ¥):

; 1/e
vn_,k (I!}Fj = (%Z::‘]:—R E::—R |[k (_’I_,}F:] - '{k(x + m,}? + n)ln) (8)

where k is the index of k™ source image (k = 1,2,---,p) is the number of source images.

L{x+my+n), fl<x+m=Randl<y+n<=¢,
IL.(x,v), otherwise

L(x+my+n)= (
T = (2a+ 1)* — card(S)

5 ={(mn) € ([—a,a]* — {0,0}) such that I, (x + m,y + n) = I, (x,¥)}

We show in the following that this local variability is small enough where the location is on the

blurred area (B: ar B2). Indeed, we consider, without loss the generality, that we have a focus
pixel {x,¥) inimage I, and blurred in image I,, ((x,¥) € B,)

By

Image I Image I»
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Figure 2. Two multi focus images, the yellow part is blurred area and the white part is clear(focused) area.
The local variability of image I, and image I, are respectively: ([_%rl(x, y)¥* and

['1% r, (x,9))Y®, where ; (x,¥) and r, (x, ¥) can be written as follow:
r(0y) = Zog Z3%o 1L () — L(x + (m—a),y + (n — a))|%(9)
(%) = Eoizo Zado 1L (6,y) — L(x + (m—a),y + (n — a))|%(10)
Proposition
Let (x,y) a pixel belongs to blurred area of the image 1, ((x,y) € B), then the local variability of
(x,y) in image I, is smaller that the local variability of (x,y) in image 1, (r; (2, ¥) < 1y (x, ¥)).
Proof

The proof of this is given by using same arguments in [46].

The variability of image expresses the behavior of pixel relative to all pixels belong to their
neighborhood. The precision of this fusion is depending on the size of the neighborhood, "a". For
each image we try with different values of “a" in the set {1,2,...,10} and we get the value of
"a" that corresponds to the minimum of root mean square error (RMSE). This operation is
repeated for set of 150 multi-focus images [35].

4. THE PROPOSED METHOD

One of the essential problems of image fusion using Dempster-Shafer Theory is to construct the
evidential representation of images. In this paper, we use one information as the evidential
representation images: local variability. We consider two classes in the Dempster-Shafer theory.

Either a pixel belongs to blurred part « or it belongs to the focus part @. There is also uncertainty
£ inherent in the theory of evidence. All this constitute the frame of discernment in @ our case

[20].
8 ={w, w6} (24)

For each pixel one value of evidence for information will be obtained, .
{m(w),m(w),m(8)} (25)

with the condition m(w) + m(w) + m(8) = 1.

The steps of image fusion in this work as follows. Suppose there are p original source
images, Iy, I, , I, where each image has size (R x C) with different focus to be fused.

Step 1:

1. To calculate mass function:

for each image where we use different values of size of neighborhood, a € {1,2,---,10},
we define: d'_ ;. (x, )
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vy ey )— min (v, ;(I:.r-',_)'n']ljl
[xf, ¥

dyp(xy)=1- (26)

max | v ~I'.r-'_}'-'}:|— min (v ~I'.r-'_}'-']l:|
A, u h!'.\. ! L u h!'.\. n
(X)) [xr¥r

where k is the k™ source image, k € {1,2,---,p} and a is size of neighborhood of local
variability. We set the standard deviation of d’ , , (x, ¥) =, .. (x.¥).

for (x, v) belongs to e, we calculate:

rnn,k [:Cdj = [1 - r:’rﬁ,k [:x,}r)}d'lmk(:x,}rj (27)

for (x, v) belongs to &, we calculate:
Map(8) = Oax(x, ) (28)

for (x, v) belongs to c, we calculate:

Moy (@) = 1— (1= ' (63)) G (1.3) — 0, (1,3
=(1—d'p(x))(1 — 0ok (x.7)) (29)

The final result of this method is obtained by showing which pixels belong to focus area or which
do not, we use concept plausibility. In our case the plausibility of « is the sum of the masses of
the evidence for «w and the uncertainty &:

Plyp(w) = mg, (@) +mg,(6)
A
nd for fusion image of the pixel (x,y), due to e is a set of pixel on blurred area, we take pixel
(x,y) from image k, that assigned to minimum Pl (w), k =1,2,--,p.

Step 2.

For (x, y), we take F, as fused image with size of neighborhood = &

F.(xy)= Ikn(x,],r),where k, €{1,2,~,p} and Pl (@) ()

= min (PL,(@)(xv)).
REEL:J.'-JF}( E._.l{( ][ F))

Step 3.

For the proposed method, we use different values of size of neighborhood, a € {1,2,---,10} ,
and choose the value of a that corresponds to the minimum value of RMSE, such that our final
fused image

F =F, wherea, € {1,2,---,10} and RMSE(F, ) = _ min_ u}(RMSE(Fﬂjj

acfl.2, -1
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5. EXPERIMENTAL RESULT

The images used in this section are taken from the database of the webpage [47]. We have
blurred an area of each image using the convolution of Gaussian filter applied on the reference
image. The choice of Gaussian is approved in the works [44]-[45]. Blurred areas are chosen to
hide an object from the photographed scene when there are multiple objects. Thus, the size of
blurred areas varies according to the size of the objects hidden in the images. We applied the
method on 150 sets of multi focus images on a datasets of images [47]. In this paper, as the
number of pages is limited, we present only 3 sets of multi focus images. Figures 4, 5, 7, 8,10 and
11 show the multi focus images obtained by the convolution of Gaussian filter. Figures 6, 9 and
12 show the fused image by proposed method. Visually the image obtained by the proposed
method gives a very satisfactory fusion.

Fig. 4 in focus on the right Fig. 5 in focus on the left

Fig. 6 Fused image by proposed method
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Fig.9 Fused image by proposed method

Fig.10 in focus on the left Fig.11 in focus on the right
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Fig.12 Fused image by proposed method

295

For comparison purposes, we perform fusion using methods: PCA method [1], Discrete Wavelet
Transform (DWT) method [6], Laplacian Pyramid LP_PCA [13] , LP_DWT [14] and Bilateral
gradient (BG) [2].

To objectively evaluate these fusion methods, quantitative measures of the fusion results are
needed. According to the evaluation measure RMSE, the Table 1. gives the mean and standard
deviation of RMSE for the given methods.

Table 1. Statistic parameters of the sample (150 images)

Method LP_AV | PCA BG LP.PCA | DWT LP.DWT | Proposed_method
Mean 6.351 6.245 7.7375 | 1.7456 3.0738 | 1.7841 0.3360

Standard | 2.81099 | 2.76977 | 3.77837 | 0.62897 | 1.06387 | 0.638727 | 0.0338

deviation

The results show that the proposed method has a smaller mean of the RMSE. The histograms of
RMSE for 150 images by different methods show for almost method that the values of RMSE are
almost symmetrically centered around the mean value. In order not to clutter this paper, we
present below only the histogram of the proposed method.

30
25
20
15
10
a‘r"

Histogram of proposed method

Q'{')\ ,]:‘,S\

Figure 18. The histogram of proposed method
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To compare analytically the proposed method to other methods we use the Analysis of variance
(ANOVA) with dependent samples (dependence by image). The software R gives the following
Anova table:

Df Sum S5g Mean 5g F wvalue Pr(>F)
method & 7310 1218.4 268 <2e-lg *%%
Residuals 1043 4741 4.5

As Pr(>F) is smaller than 1% the methods are significantly different. We use now the Newman
Keuls test to compare the methods two-by-two and make groups having significantly the same
mean. The software R gives the results below of the test.

LEEMSE std b Min Max Q25 Q50 Q75
3G T.7374833 3.7783706 150 0.7956 22.7874 5.433375 €.92975 9,827225
DWT 3.0737927 1.0638730 150 0.5012 &.0300 2.320575 2.97350 3,851425
LE AV 6.3513993 2.8109920 150 1.1543 17.3144 4.616225 5.96120 7.538725
LF DWT 1.7841140 0.6387217 150 0.2923 3.6641 1.3388500 1.75805 2.166%300
LPF PCL 1.7456267 0.62897¢9% 150 0.2872 3.6378 1.322750 1.72580 2.130525
ECR £.2446747 2.7697664 150 1.1535 17.1552 4.586575 5.92430 7.34282%5
proposed method 0.3360487 0.1839982 150 -0.0385 8728 0.194850 0.305585 0.445750
Scomparison
NULL
Sgroups

LERMSE groups
BG T.7374833 a
LP_ AV 6.3513953 b
ECR 6.2446747 b
DWT 3.0737927 C
LE DWT 1.7841140 d
LEF PCA 1.7456267 d
proposed method 0.3360487 e

Four different groups: Group “a” contains only method BG has the bigger mean of RMSE
(7.737). Group “b” contains 2 methods LP_AV and PCA that have significantly the same
average. Group “c” contains only the method DWT which better than group “a” and “b”. Group
“d” contains 2 methods LP. DWT and LP_PCA which better than group “a”, “b” and “c”. The
last group “e” containing the proposed method that the best method because his mean is the
smallest by comparing with other means.

6. CONCLUSION

In this paper, we present the multi-focus image fusion method based using Dempster-Shafer
Theory based on local variability. The method calculates the local variability for each pixel of
each image and determines the mass function from local variability. The decision of fusion is
obtained by pixels that correspond to minimum plausibility. The result of experiment shows that
the proposed method gives significant improvement result in both visually and quantitatively.
This method can be extended to image fusion for more than two blurred images. Our proposed
method can be used in many applications, such as

1. Drone is a new technology in digital imaging, it has opened up unlimited possibilities for
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enhancing photography. Drone can capture images on the same scene that zooms in on different
objects, and at various altitudes. It will produces several images on the same scene but with
different objects in-focus. The proposed method is used to obtain an image with all objects in-
focus.

2. In medical imaging, the proposed can be used to detect an anomaly object or cell using local
variability where the behavior of each pixel with its neighborhood is given.

3. For quality control in of food industry, cameras are used that take pictures. Each camera
targets one of several objects to detect an anomaly. The objects are on a conveyor belt. To have a
photo containing all the objects in-focus, we can use our proposed method which gives more
details information.

There are several perspectives of this work:

1. As many work on image fusion have implemented on grayscale images. In this paper, the
proposed method is performed on the grayscale image. However, the proposed method can be
extended to color images as color image conveys significant information.

2. We are also encouraged to fuse more than two images by taking into account the local
variability in each image (intra variability) and variability between image (inter variability). This
inter variability can detect the *abnormal pixels’ among the images.

3. We are motivated to extend the proposed method to fuse images with different objects from
different sensors (multimodal).

ACKNOWLEDGEMENTS

The authors would like to thank the anonymous reviewers for their valuable comments.

REFERENCES

[1] Naidu V.P.S. and. Raol, J.R. (2008) “Pixel-level Image Fusion using Wavelets and Principal
Component Analysis”, Defence Science Journal, Vol. 58, No. 3, pp. 338-352.

[2] Tian, J., Chen, L., Ma, L., and Yu, W. (2011) “Multi-focus image fusion using a bilateral gradient-
based sharpness criterion”. Optic Communications, 284, pp 80-87.

[3] Zhan, K., Teng, J., Li, Q., and Shi, J. (2015) “A novel explicit multi-focus image fusion method”.
Journal of Information Hiding and Multimedia Signal Processing, vol. 6, no. 3, pp.600-612.

[4] Mallat, S.G. A (1989) “Theory for multiresolution signal decomposition: The wavelet
representation”. IEEE Trans. Pattern Anal. Mach. Intel., 11(7), 674-93.

[5] Pajares, G., Cruz, J.M.(2004) “A Wavelet-Based Image Fusion Tutorial”. Pattern Recognition 37.
Science Direct. 2004.

[6] Guihong, Q., Dali, Z., and Pingfan, Y. (2001) “ Medical image fusion by wavelet transform modulus
maxima”. Opt. Express 9, pp. 184-190.

[71 Indhumadhi, N., Padmavathi, G.,(2011) “Enhanced Image Fusion Algorithm Using Laplacian
Pyramid and Spatial Frequency Based Wavelet Algorithm”. International Journal of Soft Computing
and Engineering (IJSCE). ISSN: 2231-2307, Vol. 1, Issue 5, November 2011.

[8] Burt, P.J., Adelson, E.-H. (1983) “The Laplacian Pyramid as a Compact Image Code”. IEEE
Transactions on communication, VVol.Com-31, No 40, April 1983.

[9] Burt, P.J. (1984) “The Pyramid as a Structure for Efficient Computation. Multiresolution Image
Processing and Analysis”, A. Rosenfeld, Ed., Springer-Verlag. New York 1984.

[10] Burt, P.J., Kolezynski, R.J. (1993) “Enhanced Image Capture Through Fusion”. in: International
Conference on Computer Vision, pp. 173-182.

[11] Wang, W., Chang, F.(2011) “A Multi-focus Image Fusion Method Based on Laplacian Pyramid”.
Journal of Computers, Vol.6, No 12, December 2011.

[12] Zhao, P., Liu, G., Hu, C., Hu, and Huang, H. (2013) “Medical image fusion algorithm on the
Laplace-PCA”. Proc. 2013 Chinese Intelligent Automation Conference, pp. 787-794.

[13] Verma, S. K., Kaur, M., and Kumar, R.(2016) “Hybrid image fusion algorithm using Laplacian



298

[14]

[15]

[16]

[17]

[18]
[19]
[20]
[21]

[22]

[23]
[24]
[25]

[26]

[27]

[28]

[29]
[30]
[31]
[32]
[33]
[34]

[35]

[36]

[37]

Computer Science & Information Technology (CS & IT)

Pyramid and PCA method”. Proceeding of the Second International Conference on Information and
Communication Technology for Competitive Strategies. 2016.

Wahyuni, I. S. and Sabre, R. (2016) “Wavelet Decomposition in Laplacian Pyramid for Image
Fusion”. International Journal of Signal Processing Systems Vol. 4, No. 1. pp. 37-44.

Haghighat, M. B. A., Aghagolzadeh, A., and Seyedarabi, H. (2010) “Real-time fusion of multifocus
images for visual sensor networks”. Machine vision and image processing (MVIP), 2010 6th Iranian.
2010.

Bavirisetti, D. P. and Dhuli, R. (2016) “Multi-focus image fusion using multi-scale image
decomposition and saliency detection”. Ain Shams Eng. J., to be published. [Online]. Available:
http://dx.doi.org/10.1016/j.asej.2016.06.011. 2016

Yuan, X., Zhang, J., Yuan, X., and Buckles, B.P.(2003) “Low level fusion of imagery based on
Dempster-Shafer theory”. Proceedings of the Sixteenth International Florida Artificial Intelligence
Research Society Conference, pp: 475-479. 2003.

Denoeux, T. (1999) “Reasoning with imprecise belief structures”. International Journal of
Approximate Reasoning 20(1): 79-111.

Walley, P.( 2003) “Statistical reasoning with imprecise probabilities”. London: Chapman and Hall.
1991.

Mena, J.B. and Malpica, J.A. (2003) “Color image segmentation using the Dempster-Shafer theory of
evidence for the fusion of texture”. Proceeding ISPRS, Vol. XXXIV-3/W8, pp. 139-144.

Rombaut,M. and Zhu, Y.M.(2002) “Study of Dempster-Shafer for image segmentation applications”.
Image vision Computing, Vol. 20,pp. 15-23.

Kowsalya, M. and Yamini, C. (2015) “A survey on pattern classification with missing data using
Dempster-Shafer theory”. International conference on information engineering, management, and
security: 134-138. 2015.

Zhu, H., Basir, O., and Karray, F.(2002) “Data fusion for pattern classification via the Dempster-
Shafer evidence theory”. Proceeding IEEE Conf. Syst,. Man, Cybern., vol. 7, pp. 109-114.

Tong Z., Xu P. Denceux T. (2021), “An evidential classifier based on Dempster-Shafer theory and
deep learning”. Neurocomputin, vol.450, 25, pp. 275-293

Hassan, M. H. (1989) “Object recognition based on Dempster-Shafer reasoning”. Proc. SPIE 1002,
Intelligent robots and computer vision VII. 1989.

Bloch, I (1996) “Some aspects of Dempster-Shafer evidence theory for classification of multi-
modality medical images taking partial volume effect into account”. Pattern Recognition Letters 17,
pp. 905-9109.

Wu, H., Siegel, M., Stiefelhagen, R, and Yang, J. (2002) “Sensor fusion using Dempster-Shafer
theory”. IEEE Instrumentation and Measurement Technology Conference Anchorage, AK, USA, 21-
23 May 2002.

Nazmuzzaman K. and Sohel A. (2019) “Improved Dempster-Shafer Sensor Fusion using Distance
Function and Evidence Weighted Penalty: Application in Object Detection” 16th International
Conference on Informatics in Control, Automation and Robotics pp. 664 671.

Masry E., Cambanis S., (1984), “Spectral density estimation for stationary stables processes”
Stochastic Processes and Their, vol.18, pp. 1-31.

Samorodnitsky G. Taqqu M., (1994), “Stable non gaussian random processes, Stochastic Modeling”
Chapman and Hall, New York, London.

Sabre R.and Wahyuni |, (2020); “Wavlet decomposition and Alpha Stable”, Signal & Image
Processing: An International Journal (SIP1J), Vol.11, No.1, pp. 11-24.

Sabre R. (2020) The Choice of the Smoothing Parameter for Alpha Stable Signals, International
Journal of Signal Processing Systems Vol. 8, No. 2, pp. 49-53.

Sabre R. (2021) “Mixed Spectra for Stable Signals from Discrete Observations” Signal & Image
Processing: An International Journal (SIP1J), Vol.12, No.5, pp. 22-44.

Wang C., Liao M., Li X. (2008), “Ship Detection in SAR Image Based on the Alpha-stable
Distribution”, Sensors vol. 8 pp. 4948— 4960.

Achim A. , Bezerianos A. and Tsakalides P.,(2001), “An Alpha-Stable Based Bayesian Algorithm
For Speckle Noise Removal In The Wavelet Domain”, in 5th IEEE-EURASIP Biennial International
Workshop on Nonlinear Signal and Image Processing, Baltimore, USA, 2001.

Wan T., Canagarajah N. and Achim A.,(2007) “A Statistical Mul-tiscale Image Segmentation via
Alpha-Stable Modeling”, IEEE International Conference on Image Processing. pp.357— 360.

Wan T, Canagarajah N., Achim A., (2008) “Compressive Image Fusion”, IEEE International



[38]
[39]

[40]
[41]

[42]

[43]
[44]

[45]
[46]

[47]

Computer Science & Information Technology (CS & IT) 299

Conference on Image Processing, pp.1308-1311.

Sabre R., Wahyuni 1. (2019), “Multifocous Image Fusion Using Laplacian Pyramid Technique Based
on Alpha Stable Filter” CRPASE, Vol. 5, 2, pp. 58-62.

Klir, G.J and Folger, T. A. (1988) “Fuzzy sets, uncertainty and information”. Englewood Cliffs.
Prentice-Hall. 1988.

Shafer, G.(1967) “ A mathemaical theory of evidence”. Pricenton University Press.1976

Dempster, A. P. (1967) “Upper and lower probabilities induced by a multivalued mapping”. The
Annals of Mathematical Statistics 38: 325-339. 1967.

Dempster, A. P (1968). “A genralization of Bayesian inference”. Journal of the Royal Statistical
Society, Series B (methodological) 30: 205-247.

Bloch, 1. (2008) Information fusion in signal and image processing. John Wiley and Sons, Inc

Nayar, S. K.. (1992) “Shape from Focus System”. Proc. of IEEE Conf. Computer Vision and Pattern
Recognition, pp. 302-308.

Petland, A. (1987) “A new sense for depth of field”. IEEE Transactions on Pattern Analysis and
Machine Intelligent, Vol. 9, No. 4, pp. 523-531.

Sabre R., Whayuni IS.,(2019) “Alpha Stable Filter and Distance for Multifocus Image Fusion”,
International Journal of Signal Processing Systems Vol. 7, No. 2, pp. 67-72.

www.rawsamples.ch. Accesed: 30 March 2018.

© 2022 By AIRCC Publishing Corporation. This article is published under the Creative Commons
Attribution (CC BY) license.


http://airccse.org/

	Abstract
	Keywords

