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Abstract. In order to solve the problem that the traditiohadion algorithm can easily
cause image distortion and artificial texture i face of medical images, a medical
image fusion algorithm combining singular value @laposition and average gradient is
proposed in this pap€efhe algorithm is divided into the following threeaim stepsThe
first step is to decompose the medical images witielet. The second step is to select
the fusion rule according to the conditidfor the high frequency component of the
highest decomposition level, singular value decasitipm is performed in the
neighborhoodThen, the 2- norm of the neighborhood pixel magixused as the contrast
component to describe the image features, and #genmalue of all elements of the
middle value difference matrix in the neighborhd®delected as the contrast component
for the high frequency and low frequency compone@rfitthe rest of the decomposition
layer. The third step is to reconstruct the imadelarge number of experiments and
analysis show that this method can effectively sothe problems of traditional
algorithms in medical image fusion, to facilitateetdoctor's accurate judgments of the
patient's condition and to improve the formulatifrthe treatment plan scientifically.
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1. Introduction

With the increasing accuracy of image informatiomage fusion technology has become
a hot topic for many scholars. Various image fusidgorithms have a wide range of
applications, each with its advantages and disadgas. In medical clinics, images
provided by different medical imaging devices hatheir own advantages and
disadvantages. The image information provided Isingle imaging device is limited,

which is not conducive to the doctor's correct juegt of the condition. Medical image
fusion technology can overcome the limitations alifferences brought by a single
sensor image, and obtain a comprehensive and &ecdescription of the scene to
improve the clarity and recognition of the imagéefiefore, the application of medical
image fusion throughout the clinical work, not onlydely used in the diagnosis of
disease, but also plays an important role in syrged radiation therapy [1].
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Traditional medical image fusion methods mainliylude weighted average method,
Laplace pyramid transform, wavelet transform [18§ anulti-resolution analysis based
fusion algorithm. For example, in document [2], aighited fusion method based on
multiple directions including horizontal directiés introduced to fuse source image and
Laplace pyramid fusion image according to the wigidHusion rule, which makes it easy
to add the noise of artificial texture and fusedgm. Literature [3] proposed that the
low-frequency information should be fused accordimthe proposed improved weighted
average method. Although the spatial resolutiorthef image can be improved, it is
difficult to select the uncertainty of the threstoln reference [4], it is proposed that
high-frequency [19] and low-frequency components ba obtained by using wavelet
transform, and then the principle of maximizingegifonal contrast and average gradient
is applied in the neighborhood, and the correspanélision rules are selected to obtain
the fused image which is easy to cause image tlstorin reference [5], different
component matrices are obtained after singularevalecomposition of source image.
According to the properties of matrix, they areimled as smoothing component and
detail component respectively, and then the simgudéue decomposition is continued.
This is relatively simple for complex image prodegs but the definition of smoothing
component and detaill component after decompositi@eds further verification.
Although these algorithms can highlight the detaisthe fused image, they can not
reflect the boundary information of the image vesil. Moreover, medical image fusion
algorithms do not involve the properties of low kamatrix formed by image fusion,
which usually leads to image fusion distortion &mdge information loss[6-8,18].

To sum up the above problems, this paper usesitigalon level, the singular
value decomposition is performed in the neighbodho®hen the 2-norm of the
neighborhood pixel matrix is used as the contrashponent to describe the image
features. The mean of all elements of the medifi@rdhce matrix in the neighborhood is
selected as the contrast component for the degaits approximation of the other
decomposition levels. Finally, the image is recautged. The experimental results and
analysis show that the proposed algorithm can &ty solve the problems existing in
the traditional algorithm in medical image fusicemd help doctors make accurate
judgments and design scientific treatment planpédients in medical diagnosis.

2. Singular value decomposition and contrastive fusion algorithms
2.1. Singular value decomposition (SVD) theory
Singular value decomposition (SVD) is an orthogotrahsformation with the best
correlation. For any row-column linear correlatimatrix, a diagonal matrix is obtained
by multiplying each unitary matrix. The number ofgaular values can reflect the number
of row (column) vectors of the original matrix. Farmatrix with large amount of data,
SVD can remove the redundant information in thedejaand only concentrate the
information on a few singular values [5].

According to literature [9], the following lemmarche obtained:

Theorem 2.1. [9](SVD decomposition)LeA be armxnmatrix, andank(A) =r then there
are m-order unitary matrices andn -order unitary matrices such that

Hay | = O
u Av{O 0} (1)
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Matrix cana be decomposed into the product of three matrices.
A=UzV" (2)

whereX =diag(a,,...,0,)’ ando,>---20, >0,

Theorem 2.3.[9] AssumeA=(a, )OC™ . Then there is
1
[A, = (Arec (A" A))? 3

2.2. Wavelet transform image fusion

The advantage of applying wavelet transform to weddimage fusion is that it can

decompose the image into different frequency domand use different selection rules
in different frequency domains to obtain accuratdtirnesolution decomposition of the

composite image, thereby preserving the source émig the composite image.

Significant features in different frequency domaifise main steps are as folldts

(1) Geometrically accurate registration of multitsz® images;

(2) Choose appropriate wavelet bases and deconguokiyers, and decompose the
original image with wavelet transform to get thedspective details and smoothing
components.

(3) The fusion rules of wavelet coefficients aréested according to the specific
needs.

(4) Fusion image is obtained by inverse transfoionat

2.3. Singular value decomposition based on wavelet transform
Singular value decomposition (SVD) is mostly usedniulti-resolution image fusion.
The SVD of image matrix is decomposed into uncatesl smoothing and detalil
components, and the smoothing components are desaui@mnd processed at multiple
levels. Although it is simple and convenient fomgmex image processing, the definition
of approximation and detail after decompositiofi siééeds further verification. In this
paper, singular value decomposition (SVD) algoritbased on wavelet transform is
introduced. On the basis of wavelet transform, Higljuency components and
low-frequency components can be obtained.

Taking the fusion of two imagesandB as an example, The fused image is
F .Two-dimensional image is decomposedNoiayer wavelet transform, Ultimately,

there ar¢3N +1)different bands, It contai® high frequency components and one low
frequency component. So we get the following fouetss of coefficients
[cA,cD}' ,cD},cDf |. among them,CA is the approximation coefficient of layef ;
cD!"is the horizontal component of the detail paramefelayer] ;cD/ is the vertical
component of the detail parameters of laystD? is the diagonal component of the detail
parameters of Laydr.

Horizontal component of the highest decompositayeicD;; . Vertical component

cDy and Diagonal componee® Singular value decomposition based on formula 2) i
performed in the neighborhood centered dnj) pixels, The singular value
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decomposition matrix in the neighborhood is obtdine
0, =V, E ﬂu (4)

Among them,V, andU are unitary matricesN are the highest decomposition levels,
> =dag(a,,....6,), and 0,2--2 0, >0is the singular value otD} ,i =H.V,D denotes
the horizontal, vertical and diagonal components.

Formula (3) shows that the square of the 2-normthef matrix represents the
maximum singular value of the matrix, and the 2am@f the neighborhood pixel matrix
can be used as the contrast component to deshebméage characteristics:

D (1 D), = A (004 (1)) (€D (1,1))) = G (i.1) (5)
Among themg,,..(i.j) is the maximum singular value of the pixel matiix the
neighborhood centered ofi, j).

Then, the whole high frequency coefficient matsxdecomposed by singular value
decomposition. The ratio of the maximum singuladugain the corresponding
neighbourhood to the maximum singular value ofdbefficient matrix is taken, and the
pixel points of the source image correspondindp¢orhaximum value are compared.

o4 = Arac{(cD4)" (0L )) = ©)
Among them, d,.. is the maximum singular value of the coefficienttixa
g, = Simll:]) @)

N max

Among themg,, is the maximum singular value contrast value inrteighborhood.

The fusion rules are as follows:

iy PN T) ona(i i)z one (i)
D”'F("‘)‘{ch,B(i.j),an,A(i,j)wn,B(i,j)
v ooy ) ONA( ) o a(i 1) 2 o (1.])
o4 (= o

Z0
>

Z 0
>
—

o i y_ ) Dualivi)ona(iii)zone(ili)

Der(i,j)=4 3% . o /. (8)
Dy (ivi),onali,i)<ons(i.i)

Among thenDj (i, j)(1 =H.V,D)represents the level of the highest decompositiwgl|

of the fused imag€ , respectively. The coefficients of the verticaldadiagonal

components at poifit j) .

2.4. Singular value contrast fusion based on wavelet transform
The steps of singular value contrast fusion arfelasvs:
(1) Determining the size of neighborhood;
(2) For a high frequency coefficient matrix in thighest decomposition level, the
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maximum singular value of the pixel matrix in theighborhood centered ofi, j) is
obtained;

(3) The maximum singular value of a high frequencgefficient matrix
corresponding to the highest decomposition levebisined.

(4) The ratio of the maximum singular value in dweresponding neighborhood to
the maximum singular value of the coefficient mats taken to compare the pixels of
the source image corresponding to the maximum.

3. Average gradient meaning principle
3.1. Definition of average gradient
Average gradient refers to the obvious differentgray level near the edge points or
shadow lines of an image, that is, the gray chaatge It reflects the rate at which minute
details of an image change and represents thealefpxel sharpness of the image.

Its definition is as follows (9):

- 1 Moin-l /AI +A|2
9
9= MXNg,zo 2 ©

Among themAl, andAl, are the difference inXdirection and direction ofM xN size
images respectively.

3.2. Aver age gradient meaning method

The bigger the average gradient of the image, éteibthe clarity of the representation.
Firstly, the coefficients matrix can be obtainedNbiayer wavelet decomposition of
source image A andB ,For the low frequency coefficient matrix of theghéest
decomposition layer and all coefficient matricesotifer layers, the average gradient of

the matrix is obtained by using formula (9) in khe& N neighborhood centered ofi, j).
Moan-t (Al +AlS 2

gi 10
9(i. 1) =N ZO ;) (10)
Secondly, the following formula is defined (11):
AlZ+AI7
=x Ty 11
_ (11)

Then, the mean values of all elements of the mediffierence matrix in the
neighborhood of the image are obtained by usingditat (12), that is, the mean values of
all elements of the median difference matrix intlegghborhood of the image

001 1)= g 22T (1) (12)
Among themM andN are the size of matrixT .
Finally, the fusion rule defines the following foutas (13) and (14):

Ny -9(i)
G(i.j) o) (13)
then

c. (i,j)={C”’A(?’J:)'G”'A(i'%iew(i’]:) (14)
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3.3. Fusion steps of mean gradient averaging algorithm based on Wavel et transform
The average gradient averaging fusion steps dialaws:

(1) Determining the size of neighborhood,;

(2) The average gradient in the neighborhood cedtem(, j)is obtained for a
frequency domain coefficient matrix of the highdstomposition layer;

(3) The mean values of all elements of the cornedipg (i,J) centered

neighborhood difference matrix are obtained foremjfiency domain coefficient matrix
corresponding to the highest decomposition level;

(4) The ratio of the mean of all elements te thean gradient of the median
difference matrix in the corresponding neighborh@othken to compare the pixels of the
source image corresponding to the maximum.

4. Combining singular value decomposition and average gradient fusion algorithms

4.1. Wavelet decomposition

Two source images. Bare decomposed in8d high frequency components and one
low frequency component by-layer wavelet decompaosition.

4.2. Contrast and mean gradient of singular value decomposition

Firstly, the maximum singular value is obtaineddinygular value decomposition of the
high-frequency components of the highest decomipaosievel, and the ratio of the
maximum singular value in the corresponding neighbod to the maximum singular
value of the coefficient matrix is taken to compdhe pixels of the source image
corresponding to the largest one. Then, the meadiamt in the neighborhood is
calculated for the low-frequency component of tighést decomposition layer and the
high-frequency component of the other decompositignrs, and the mean values of all
elements of the median difference matrix in theeggonding neighborhood are obtained.
Finally, the ratio of the mean of all elements te tmean gradient of the median
difference matrix in the neighborhood is obtainadd the pixels of the source image
corresponding to the largest one are compared.

4.3. Image reconstruction
After determining the high-frequency and low-freqgeye components of each layer of the
fused imageF , the fused imagE is reconstructed by inverse wavelet transform.

5. Experimental resultsand analysis

In order to verify the role of singular value degmmsition and mean gradient averaging
in medical image fusion, two CT and MRT images 256x 256size were selected for
fusion experiments. Fig. 1 shows the experimemsllts of the wavelet fusion algorithm
in different cases.

In the experiment, the wavelet decomposition l@fghe wavelet fusion algorithm
is 3, and finally there are 10 different frequertzands, including 9 high-frequency
components and 1 low-frequency components. Therusiles of mean high-frequency
components and low-frequency components are sdldcterder to further illustrate the
effectiveness of the proposed algorithm, the higlwiency part of the highest
decomposition layer obtained by wavelet transfosnfused by singular value contrast.
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The level of wavelet decomposition is 3. Bior2.4lwsen as the mother wavelet and the
neighborhood size i8x3. Furthermore, the mean gradient averaging algorigiused

to fuse the low-frequency part of the highest dguosition layer and the high-frequency
and low-frequency components of other decompositigers.

Observing the experimental results, it is not difft to find that two source images
(a) and (b) are fused by w-

CT image (a) MRI image (b)

Wavelet decomposition and  Singular Value Contr ast
reconstruction algorithm (¢)  Algorithms (d)

Mean gradient Thealgorithm
averaging algorithm (e)  in this paper (f)

Figure 1. Comparison of different wavelet fusion algorithwigh the proposed algorithm

Wavelet transform directly to get the image (c)eféhare too many details missing,
which obviously contain irremovable noise and thetour is not clear. The image (d) is
obtained by singular value contrast of the highgdiency components of the highest
decomposition layer after wavelet decompositiothaalgh many noises are avoided and
the clarity is improved, but the details informatiis also improved. The performance is
not clear; the image (e) is obtained by averagimg low-frequency component of the
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highest decomposition layer and the frequency-dorsamponent of other layers after
wavelet decomposition, and the clarity is greatlgpioved, but there is serious
information loss in the image; the algorithm usemysar value contrast and average
gradient mean to get the image (f) after waveletodgosition, which basically

eliminates the fusion process. The noise generaietd only retains the texture

information of the source image, but also enhanicesclarity obviously. It shows that

singular value decomposition and average gradieggmplay an indispensable role in
medical image fusion.

Table 1 presents the evaluation results of sixerkffit evaluation systems for
different wavelet fusion algorithms. From the datahe table, it can be found that the
evaluation criteria of the image obtained by thevelet fusion are significantly lower
than those of other algorithms; the image obtaibgdthe singular value contrast
algorithm has obvious improvement in informatiorirepy’®, average gradieft and
peak signal-to-noise rafté*”, which shows that the singular value contrastritlym has
greatly improved the information extraction of nediimage fusion; the image obtained
by the average gradient mean algorithm Mean VAluaformation entropy and root
mean square erfd¥ have been greatly improved, which shows that teeame gradient
mean wavelet fusion algorithm can not only enhaheeclarity of the fused image, but
also avoid the noise. The wavelet fusion algoritembining average gradient mean and
singular value decomposition is the best excepttierlow peak signal-to-noise ratio,
which shows that the average gradient is the bast Degree mean and singular value
decomposition play an indispensable role in medinalye fusion.

In order to further illustrate the effectiveness the proposed algorithm. The
weighted averaging method, Laplacian pyramid algoriand literature [4] are selected
to compare the results of medical image fusiorménd-

Table 1: Evaluation of different wavelet fusion methods ameddical image fusion in this
paper

Fusion aldorithm ~ Mean standard Information Average  Peak Root mean
9 value deviation Entropy gradient hsllqnal-rtp;_ square error

Wavelet Fusion 17.4120 18.7597 5.2015 2.0656 50.131  0.1000

Singular value 17.4174  26.8144 5.4159 3.0241 53.8771 0.1060

contrastlng

Average gradient 54 15gg 30.7659 5.8137 3.6282 55.2916 0.1527

averaging

The algorithm in 26 4904 32.8826 5.9859 4.0435 55.9575 0.1745

this paper

Experiments, the optimal results obtained undermotanal environment are used as the
comparison algorithms. The experimental resultshosvn in Figure 2.
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Weighted average Laplacian pyramid
method (Q) algorithm (h)

Literature[4] Thealgorithmin
Algorithms (i) this paper (j)

Figure 2: Comparisons between the traditional algorithm tedalgorithm presented in
this paper

It is not difficult to find that the graph (g) olnad by weighted average method is
not clear enough and the detail information isfatly expressed; the image (h) obtained
by Laplace pyramid algorithm is slightly improved ¢larity, but it produces a lot of
noise and little detail information; the image dhtained by document [4] is not clear in
detail, and the image is distorted, resulting imrtdd image contour and loss of
information. The loss is also very serious; thegmdj) obtained by this algorithm is
richer in detail than the image performance of dheve algorithm, and the clarity is
greatly improved, and the visual effect is alson#igantly better than the above
algorithm, which shows that the algorithm in thappr has greatly improved in medical
image fusion.

Table 2 gives the evaluation results of these #lguos. It can be seen that each index of
the image obtained by weighted average methodjisfisiantly lower than that of other
algorithms, which shows that the information comea in the fused image is very little;
the image obtained by Laplace pyramid algorithm &ageat improvement in standard
deviation, information entropy, peak signal-to-moistio and root mean square error,
which shows that the information and clarity of theage have been improved; although
the image obtained by reference [4] algorithm igarm. Value, standard deviation and
root mean square error have been improved, butnfoemation entropy and average
gradient are significantly lower than the algoritimthis paper, which shows that the
information of the image is greatly missing and therity is insufficient. The algorithm
in this paper has the highest information entrapy average gradient, which means that
the algorithm can transfer more useful informatim edge information from the source
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image to the fused image, and the root mean saueoe is also the greatest. The result
shows that the noise and artificial texture produbg the fusion image are very few,
which can reduce the error of the doctor in diagnos

Table 2. Evaluation of medical image fusion based on difier&aditional fusion
methods

. . Peak Signal- Root mean

Fusion mean standard Information Average ;
. S - to-Noise square error

algorithm value deviation Entropy gradient Ratio
weighted mean 17.7264 18.8103  5.1515 2.0860 47.5599 0.0454
laplacian 20.6416 ~ 32.3110  5.8468 3.9101 55.8668 0.1684
pyramid
Literature [4] 22.7616 32.5438 5.6566 3.7973 551835 0.1697
The algorithm  5q 1904 32.8826  5.9859 4.0435  55.9575 0.1745
in this paper

6. Concluding remarks

In order to solve the problem of image distortiomd aartificial texture caused by
traditional fusion algorithms in the face of medidmages, a medical image fusion
algorithm combining singular value decompositiod arerage gradient is proposed, and
two CT and MRI images are used for experimentsarg§d number of experiments show
that the fusion rules of singular value decompositind average gradient are used in the
fusion phase, which not only stabilizes the pixélst also enriches the details of the
fused image, and solves the problems of traditionathods. Although the proposed
algorithm for medical image fusion has achieveddgmsults, how to apply this method
to other modal medical image fusion is the focuiitifre research.
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